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ABSTRACT

Software testing and retesting occurs continuously dutiegsoft-
ware development lifecycle to detect errors as early asigesand

to ensure that changes to existing software do not breakadfite s
ware. Test suites once developed are reused and updatadritgg

as the software evolves. As a result, some test cases irsttautee
may become redundant as the software is modi ed over timeesin
the requirements covered by them are also covered by otker te
cases. Due to the resource and time constraints for re-gmgcu
large test suites, it is important to develop techniques itomize
available test suites by removing redundant test caseserergl,
the test suite minimization problem is NP complete. In ttapqr,

we present a new greedy heuristic algorithm for selectingnénal
subset of a test suif that covers all the requirements covered by
T. We show how our algorithm was inspired by the concept analy-
sis framework. We conducted experiments to measure thatefte
test suite reduction obtained by our algorithm and priorriséios

for test suite minimization. In our experiments, our algon al-
ways selected same size or smaller size test suite thanelbated

by prior heuristics and had comparable time performance.
Keywords - test cases, testing requirements, test suite minimiza-
tion, concept analysis.

1. INTRODUCTION

Software testing accounts for a signi cant cost of softwdeeel-
opment. As software evolves, the sizes of test suites groneas
test cases are developed and added to the test suite. Dumeto ti
and resource constraints, it may not be possible to rerthatiest
cases in the test suites every time software is tested fimlgpaome
modi cations. Therefore, it is important to develop teciunés to
select a subset of test cases from the available test saiteexh
ercise the given set of requirements. The test suite miaitioiz
problem can be stated as follows:

Problem StatemenGiven a sefl of test case$ti;t,;ts;:::;th g,
a set of testing requiremerttsy, ro, ,rm g that must be covered
to provide the desired coverage of the program, and therrdtion
about the testing requirements exercised by each test nabe i
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the test suite minimization problem is to ndmainimal cardinality
subset ofT that exercises the same set of requirements as those
exercised by the un-minimized test sulte

In general, the problem of selecting a minimal cardinalitpset
of T that covers all the requirements coveredibis NP complete.
This can be easily shown by a polynomial time reduction from t
minimum set-coveguroblem [7] to the test suite minimization prob-
lem. Given a nite set of attributeX andm subsets;; S;; ::;; Sm
of these attributes, the minimum set-cover problem is to thd
fewest number of these subsets needed to cover all theutitisib
Since the minimum set-cover problem is NP complete in génera
therefore heuristics for solving this problem become ingoar A
classical approximation algorithm [5, 6] for the minimunt-sever
problem uses a simple greedy heuristic. This heuristicyibk set
that covers the most points, throws out all the points caldne
the selected set, and repeats the process until all thespai@icov-
ered. When there is a tie among the sets, one set among tedse ti
is picked arbitrarily. To illustrate this classical greduuristic, let

Table 1. An Example showing the requirements exercised by
test cases in a test suite.

[ [rafra[rs[ra[Ts[Te]
XXX

X X

X

us apply it to minimize the test suifd1, t2, ts, t4,tsg shown in
Table 1. The coverage information for each test case is slogwn
anX inthe corresponding column in this Table. The greedy heuris
tic will rst select the test casé:, and throw out the requirements
r1, ro andrs from further consideration. Next, either of, t3, t4

or ts could be picked since each of these cover one yet uncovered
requirement. Let us say is selected. Now the requirement is
thrown out. In the next steps, t4 andts are tied. Let us satg is
selected in this step. Then the requirementill be thrown out.
Finally the test cask will get selected to cover the requiremest
Thus, the minimized suite generated by this heuristic ctesif 4

test cases, to, t3 andts . This example points out the drawback
of this greedy heuristic. The redundant test caswas selected
because the decision to selecivas made too early. The choice of
pickingts before picking any of the other test cases seemed a good
decision at the time whetn was selected, however, it turned out to
be not the best choice for computing the overall minimal $ede.

The optimally minimized test suite for this example has dhtest
cased,, t3 andts. The above classical greedy heuristic algorithm
[5, 6] primarily exploits theimplications among the test casts



identify redundant test cases and exclude them from fuxtber
sideration.

Another heuristic (referred to as HGS algorithm from here on
wards) to minimize test suites was developed by Harrold,t&up
and Soffa in [8]. Given a test suife and a set of testing require-
mentsri,r2, ,rn that must be exercised to provide the desired
testing coverage of the program, the technique considersuibsets
T1, To, , Tn of T such that any one of the test casgdelong-
ing to Ti can be used to test. The HGS algorithm rst includes
all the test cases that occurTi's of cardinality one in the repre-
sentative set and marks dll's containing any of these test cases.
ThenT;'s of cardinality two are considered. Repeatedly, the test
case that occurs in the maximum numbefd$ of cardinality two
is chosen and added to the representative set. All unmarked
containing these test cases are marked. This process &tedder
Ti's of cardinality 3,4, , max, wheremax is the maximum car-
dinality of theT;'s. In case there is a tie among the test cases while
consideringT;'s of cardinalitym, the test case that occurs in the
maximum number of unmarkel's of cardinalitym +1 is chosen.

If a decision cannot be made, tfi¢'s with greater cardinality are
examined and nally a random choice is made. Let us constuer t
example in Table 2. Each row in Table 1 shows the requirements
exercised by that test case. In this example= fti;tog; T2 =
fti;tsg Ts = ftoitsitag; Ta = flaitatsg; Ts = fio;te;t70:
Since there is n@; of cardinality one, the HGS heuristic considers

Table 2: Another Example showing the requirements exercisk
by test cases in a test suite.
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T1 andT2 (each with cardinality two) and selects the test dase
Next, T3, T4 andTs (each with cardinality three) are considered.
The tie betweet, t3 andt, is broken arbitrarily say in favor of
selecting the test casge. Now onlyr, remains to be exercised, i.e.
T4 is still unmarked. Any of test cases, t4 or ts can be selected
at this stage. Let us say is now selected. Thus, the reduced test
suite selected by the HGS heuristic for this example ts, t2, t3

g. However, the requirements exercisedtbyre also exercised by
t, andts and hence the test cateis redundant. This redundant
test case was selected because the decision to $eleets made
too early.

Agrawal [1, 2] used the notion of dominators, superblockd an
megablocks [1, 2] to derive coverage implications amondtisic
blocks to reduce the coverage requirements for a programi- Si
larly, Marre and Bertolino [13] use a notion of entities sulption
to determine a reduced set of coverage entities such thatams
of the reduced set implies the coverage of the un-reducedsese
works [1, 2, 13] exploit only thémplications among the coverage
requirementgo generate a reduced set of coverage requirements.

We explored the concept analysis framework in an attempgto d
rive a better heuristic for test suite minimization. Cortcapalysis
[3] is a technique for classifyingbjectsbased upon the overlap
among theirattributes We viewed each test case in a test suite
as an object and the set of requirements covered by the st ca
as its attributes. We observed that the concept latticesapthe
implications among the test cases in a test sadtevell asthe im-

plications among the requirements covered by the test. sTiites,
it presented a uni ed framework to identify steps of a neweghge
test suite minimization algorithm that iteratively exptothe im-
plications among the test casad the implications among the re-
quirements to reduce the context table. Although the stépsiro
algorithm were inspired by the concept analysis frameweekim-
plemented the steps directly on the original context tatlelf as
Table 1) that provides the mapping between the test casethand
requirements covered by each test case in the un-minimiziésl s
As a result, we developed a new polynomial time greedy algori
that produces same size or smaller size reduced suites aRfhe
sical greedy heuristic [6, 5]. Our algorithm generates thiénaal
size minimized suites for examples in Tables 1 and 2. We call o
algorithm asDelayed-Greedsgince it postpones the application of
the greedy heuristic as opposed to the classical greedyithigo
which applies it at every step. We implemented our algorigmd
conducted experiments with the programs from the Siemeitss su
[10, 11] and thespaceprogram [11]. In our experiments, our al-
gorithm always produced same size or smaller size redudegssu
than prior heuristics. The important contributions of tiager are:

A new greedy heuristic algorithm callddelayed-Greedy

that is guaranteed to obtain same or more reduction in the tes

suite size as compared to the classical greedy [5, 6] heurist

In our experiments, Delayed-Greedy always produced same
size or smaller size reduced test suites than prior heesisti
for test suite minimization.

The time performance of Delayed-Greedy was found to be
comparable in our experiments and it always produced same
or more number of optimally reduced test suites than other
heuristics.

The organization of this paper is as follows. In section 2, we
show how concept analysis framework guided us to develoga ne
algorithm for test suite minimization. In section 3, we dése our
Delayed-Greedy algorithm for test suite minimization. Wesgnt
our experimental results in section 4 and discuss the celatrk
in section 5. Finally, we summarize the results in section 6.

2. CONCEPTANALYSIS AND TEST SUITE
MINIMIZATION

Concept Analysis is a hierarchical clustering techniquef¢8
objects with discrete attributes. The input to conceptymiglis a
set ofobjectsO and a set oéttributesA, and a binary relatioR
O A called thecontextwhich relates object to their attributeEo
analyze the test suite minimization problem using conceglyais,
the test cases can be considered as the objects and theaauprits
as their attributes. The coverage information for each taste is
the relation between the objects and the attribui&e. now have a
context that can be analyzed using a concept analysis frarkew
Let us consider the test suite minimization for the contekid¢
(same as in Table 1) in the example shown in Figure 1.

Concept Analysis identi es maximal groupings of objectslan
attributes callecconcepts A concept is an ordered paiX;Y )
whereX O is a set of objects and A is a set of attributes
satisfying the property that is the maximal set of objects that are
related to all the attributes i andY is the maximal set of at-
tributes that are related to all the objects<in For example, the set
ft1,tz3gis the maximal set of test cases that covers the requirement
r.. This is shown by concept; in the table on the right in Fig-
ure 1. Similarly,ft;g is the maximal set of test cases that covers
all of the requirementss, rz, r3. This is shown by the concept
C in the table on the right in Figure 1. The concepts form a par-
tial order de ned as follows. For conceptX1; Y1) and(X2; Y2),



[ _[rafrafrafrafrs[re]

[ Concept] (Objects,Attributes) |

TOP (fti;t2; 15514, 150,70)
C1 (ft2gfrai;rag)

C2 (ftigfrai;ra;rsg)

C3 (ftagfra;reQ)

Ca (ftsgfra;rsg)

Cs (ft1;t20,fr10)

Cs (fti;tag,frsg)

(o7 (ft1;t30,fr20)

Cs (fts;ts0,frsQ)

BOT | (fg.fri;ra;rs;ra;rs;req)

Figure 1: Context table, concept lattice and the table of cocepts.
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(X1;Y1) r (X2;Y2) iff X1 X2. For example, in Figure 1,

C2 Rr Crsinceftig f t1,tsg. This partial order induces a com-
plete lattice on the concepts, called ttencept lattice The top
(bottom) element of the lattice is the concept with all th¢eots
(attributes) and none of the attributes (objects).(Xfi; Y1) and
(X 2;Y2) are two concepts such th@X 1;Y1) r (X2;Y2), then
X1 XzandY: Y. The concepts (maximal groupings) with
their respective objects and attributes and the concdjutddor the
example being considered are shown in the Figure 1.

For every objecb 2 O, there is a unique smallest (with respect
to r) concept in which it appears. This concepthe smallest
concept for, is labeledwith o. For example, in Figure 1, the con-
ceptc; is labeled witht; andt; also appears io; sincec; r C7.
Analogously, for every attributa 2 A, there is a unique largest
concept in which it appears. This conceft, the largest concept
for a, is labeled witha. For example, in Figure 1, the concept
Cs is labeled with the attribute; andri also appears io; since
1 Rr Cs. Given such a labeling of the lattice, we de ne the fol-
lowing two implications.

Object Implication: Given two object®;;0, 2 O, 01 ) 0 iff
8a 2 A; (0 Ra)) (o1 R a). Such an implication can be
detected from the lattice as follows. The implication) o0, is
true if the conceptabeledwith 0, occurslower in the lattice than
the concept labeled with, and the two concepts are ordered. In
this case, all the attributes covered tyyare also covered by; .

In other words, for two objects; andoy, if 01 ) 0 then the
row corresponding to the object can be safely removed from the
context table without affecting the size of the minimal sethf test
suite that covers all the requirements. We refer to this aslfect
reduction rule.

In Figure 1, the concepts is labeled with the test case and
the concepts is labeled with test cadg. Sincecs occurs lower in
the lattice thares, therefore there is an object implication)  ts.
This means selecting makests redundant with respect to cover-
age. Indeed this is the case as can be seen from the contkxt tab
since the set of requirements coveredtbyis a subset of the re-
quirements covered k. Therefore, the row correspondingtio
can be safely removed from the context table. The contele tab
Figure 2 shows the row fds removed from the table by applying
the object reduction rule.

Attribute Implication: Given two attributesy;az 2 A, ai )

a; iff 802 O; (0 Rai)) (o R a2). An attribute impli-
cation can be detected from the lattice as follows. The icaibn
a1 ) a is true if the concepliabeledwith a; occurslowerin the

lattice than the concept labeled wish and the two concepts are
ordered. In this case, the column corresponding to thébatera,
can be removed from the context table since coverage @fould
also imply coverage odi;. In other words, the requiremeat can
be safely removed from the context table without affectimg ap-
timality of the solution. We refer to this adtribute reduction rule.
In the lattice in Figure 1, the concept is labeled with the attribute
r4, and the concepts is labeled with the attribute;. Sincec;
occurs lower in the lattice thaay, there is an attribute implication
rs) ri. This means if the requirement is covered by some test
case and this test case is selected, then the coveragesraguirfor
attributer, becomes redundant since it is also covered by this test
case. From the context table we can see that it is indeedhatiéot
coverr4 we need to select the test cdseand thatt, also covers
r1. Therefore, the column far; can be safely removed from the
context table. Similarly, the column fag can be removed from
the context table since coveragerefimplies the coverage af.

The context table in Figure 2 shows the reduced table after re
moving the columns corresponding t¢ andrs by applying the
attribute reductions and after removing the row ferby apply-
ing the object reduction. The corresponding concept ltied the
table of concepts for the reduced context table are also rslow
Figure 2. Note that as a result of the above attribute reduostia
new object implicatioriz ) t1 is exposed in the reduced context
table in the Figure 2. Applying this reduction removes the ro
for t1 from the context table shown in Figure 2 and the resulting
context table is shown in Figure 3.

In the example in section 1, the classical greedy [5, 6] lseuri
tic removedts from the un-minimized suite but it was not able to
identify that coverage afs andre implied the coverage af; and
rs respectively. In contrast, the techniques in [1, 2, 13] élable
to exploit the above attribute implications, however theyndt ex-
ploit the implications among the test casegius, we noted that
the classical greedy heuristic exploits only the objectliogpions
during minimization and it misses the additional opportigs for
minimization enabled by the attribute implications. Sanil, the
techniques in [1, 2, 13] exploit only the attribute implizats and
miss the opportunities for reduction enabled by the objegtlica-
tions. Note that we were able to make the above critical observation
only because the concept analysis framework exposed thise d
ferent types of implications simultaneously in a singlerfeavork
namely the concept lattice.

Owner Reductions: We de ne thestrongestoncepts of the lat-
tice as the ones that are immediately above the bottom cboéep
the lattice. In the lattice shown in Figure d&,; c;;c3 andcs are
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Figure 2: Reduced context table, concept lattice and tablefa@oncepts after applying object reductionts )

tionsrs) rzandrs) ritocontexttablein Figure 1.
[ [rafrafrs]Te]
ts X
t3 | X X
ta X

Figure 3: Reduced context table, concept lattice and tablef@oncepts after applying object reductionts )

Figure 2.

the strongest concepts. If any strongest consegitthe lattice is
labeledwith an attributea then it implies that a test case in the con-
cepts mustbe chosen in order to cover that attribute. Siads a
strongest concept andlabeledwith attributea, only the test cases
contained in the object set efcovera. So, a test case imhas to

be selected to cover attribute We refer to this as thewner re-
duction rule. For instance, by applying the owner reductions to the
table in Figure 3, we get an empty table and we are done. Tows, f
this example our algorithm generates the optimal size mi@ch
test suitef t, t3, t4Q.

In [15], Sampath et. al presented a concept analysis baged al
rithm that constructs the concept lattice for the given erntable
and conservatively selects one test case fearhof the strongest
(they call them next-to-bottom) concepts to generate reddest
suites. In other words, their algorithm does not consideetiver
the strongest concept iabeledwith an attribute or not. This can
result in selecting test cases that are redundant with cespeov-
erage of additional requirements beyond those alreadyredusy
the previously selected test cases. For example, for thexon
table and the corresponding concept lattice in Figure 1r, #igo-
rithm will select one test case each fram ¢, ¢; andcs and this
will result in the reduced test suifé», t1, t4, t3g. The test case
t; is redundant since the attributes covered by test casesane
covered by the test cases in the other strongest concepts.

It should be noted at this point, thttte attribute, object and
owner reductions always preserve the optimality of thetgmifor

the context table. However, this may not be the case in genera

since the next step that uses greedy heuristic would beeapifli
the table is not empty and none of the above reductions asemtre
in the lattice, namely an interfering lattice.

Interference s said to be present in a concept lattice if for any con-

[ Concept| (Objects,Attributes)|

TOP [ (ft1;12;13;140,f)
C1 (ftzg,fra;rsQ)
C (ft2g,frag)

Cs (ftag,freg)
Ca (ft1;t30,fro0)
BOT | (fg.fra;ra;rs;req)

ts and attribute reduc-

[ Concept] (Objects, Atfributes)

TOP (fto;ts;t40,f9)
C1 (ftsgfrz;rsg)
C2 (ft2g,frag)

Cs (ftag,freg)

BOT (fg,fra;ra;rs;reQ)

t1 to context Table in

ceptc, there are at least two conceptsandc; such that r ¢;
andc r ¢ andc andg are the neighbors af in the lattice.
In a lattice with interference, there are no object or attetimpli-
cations and also, no strongest concepts are labeled withuats.
Now we apply the greedy heuristic to select the test casecthat
ers maximum requirements in the table and add it to the magchi
suite. We remove the row corresponding to this test case fhem
context table and remove the requirements covered by gtisase
from the table. As a result of these modi cations to the cahte
table, some new object reductions may be enabled.

Since we delay applying the greedy heuristic to the pointrwhe
no object, attribute or owner reductions can be applied, eferr
to our algorithm derived from the above discussionDedayed-
Greedy In contrast, the classical greedy algorithm [5, 6] applies
the greedy heuristic at every step. Note that our algorithguiar-
anteed to achievat leastas much reduction of the test suite size
as possible using the classical greedy algorithm [5, 6]. tNex
present the steps of Delayed-Greedy algorithm in detail.

3. OURDELAYED GREEDY ALGORITHM

The concept lattice helped us develop the steps of our #hgori
in terms of different reduction rules. Now that we know thpey
of implications we need to look for in the lattice or the cotta-
ble, we can realize this algorithm by looking for these irogtions
directly in the context table rather than constructing tbacept
lattice. Thus, we derive a new test suite minimization atpor
with worst case polynomial time complexity in terms of theesof
the context table. The outline of our Delayed-Greedy atbaoriis
given in Figure 4.

Step 1: Reducing the size of context table by applying objecée-
ductions. An object implication exists in the context table if there
are two test cases (rows)andt; such that the set of requirements



covered byt; is supersebf the set of requirements covered tyy
This can be found directly from the context table by compathre
sets of requirements covered by every pair of the rows indhe t
ble. In this case row correspondingtfois removed from the table.
This is the application of object reduction rule to the cantable.
Reducing the context table by exploiting object implicatiacan
result in exposing new owner and attribute reductions.

Step 2: Reducing the size of context table by applying attribte
reductions. An attribute implication exists in the table if there are
two requirements; andr; such that set of objects that cowveris
asubsebf the set of objects that cover. In this case any test case
that covers; will also coverr;j. Therefore, the requirement is
removed from the context table. This is the application tflaite
reduction rule to the context table. The attribute implmas are
also found directly from the table by comparing the objextsof
each of pairs of requirements (columns). Notice that aftaraext
table is reduced by applying attribute reductions, additimbject
implications that enable further reduction of the contexté may
be exposed.

Input: Contexttable for given test suite T.
Output: Set of test cases in minimized suigin .
procedure Delayed-Greedy(Contexable)
Tmin =empty,
while (Contexttableé empty)do
finter=false; detectinter=0;
while not(finter)and (Contexttable6 empty)do
finter=true;
Step 1: Foreachobject implicationo ) o do
Remove row for test casg from Contexttable;
finter=false;
endfor
Step 2: Foreachattribute implicationr; ) r; do
Remove column for requirement from Contexttable;
finter=false;
endfor
Step 3: For each attribute resulting in arowner reductiordo
Remove row for test cagethat covers requirement;
Remove columns for attributes covered by test ¢ase
Tmin = Tmin [f tg;
finter=false;
endfor
endwhile
Step 4:
if (Contexttable6 empty)then
Lett be test case picked using greedy coverage heuristic.
Remove row for test cagefrom the Contexitable;
Remove columns for attributes covered by test ¢ase
Tmin =Tmin [f tg; detectinter=1;
endif
endwhile
if (detectinter=0}hen
report minimized test suit€min is of optimal size.
else
report interference encountered.
endif
return(Tmin )
endprocedure

Figure 4: Delayed-Greedy algorithm
Note that we need to compare entries in every pair of rows(onk)

to nd object(attribute) implications only for the rsttimin the be-
ginning of the algorithm. Every time an object(attributejluction

is applied, the context table is updated by removing theespond-
ing row(column) from the table. Note that after the tablepdated
by removing a column(row), only the rows(columns) effecbsd
the removed column(row) need to be checked for objectate)
implication. Thus, after each reduction, we do not have tm-co
pare all the rows(columns) with each other to nd a possitide o
ject(attribute) implication. This contributes signi céyto the ef-
ciency of our algorithm.

Step 3: Reducing the size of context table and selecting a tes
case using owner reduction f there exists an attribute; that is
possessed only by one objext we addg; to the solution set and
removeo; and all attributes covered ly from the table. Owner
reductions may expose new object reductions which candurt
duce the size of the context table and thus delay the need-to ap
ply the greedy heuristic. Note thtte attribute and object reduc-
tions merely reduce the size of the context table by remaeing
dundant attributes and objects from further consideratioshereas
the owner reduction also chooses a test case to be in the medm
suite

In each iteration of the algorithm, the owner reductionecel
those test cases that would eventually have to be includéakein
selected suite since they cover attributes not covered togr dést
cases in the context table. Therefore, the requiremenered\by
these test cases are removed from further considerationevto,
in the classical greedy algorithm, selection of some testsaor-
responding to owner reductions may be postponed to a latge st
if they cover a small number of requirements. This may result
selection of some test cases early on by the classical gregdy
rithm that may become redundant due to test cases seletted la

Step 4: Removing the interference by selecting a test caseing
the greedy heuristic. We choose the object that possesses the most
number of attributes and add it to the selected set. We bleak t
ties by as follows. For each attribute covered by each obyeet
compute the number of other objects that cover this at&ibute
select the object covering an attribute that is least caveseall
other objects. The reason for this strategy to remove imtentce

is that if a test case covering maximum attributes is sefedtee
solution would be at least as good as that obtained by theicids
greedy [5, 6] heuristic. The row corresponding to the sekktest
case and the columns corresponding to all the attributesredv
by it are removed from the context table. This could give tse
further possible reductions of the context table by exmpsiaw
object implications. The variablietectinter is set to indicate the
greedy heuristic was used in the reduction. It is due to thigiktic
the nal solution may not be optimal. Note that lattices waith
interference give optimal solutions to the test suite min&tion
problem. The algorithm terminates when the context tatdenipty.

4. EXPERIMENTS

We implemented our Delayed-Greedy heuristic (DelGreaty),
classical Greedy heuristic, the HGS [8] algorithm and theSH#M
[15] algorithm asC language programs. SMSP algorithm com-
putes the reduced suite by selecting one test case each lim t
strongest concepts. For implementation of the SMSP alguorit
we computed the strongest concepts directly from the comdex
ble. We conducted experiments with the programs in the Sieme
test suite [10, 11] and thepaceprogram [11] to measure the extent
of test suite size reduction obtained by the above four bgcsi

We obtained these programs and their associated test poois f
the the Subject Infrastructure Repository website [11]. g&fer-
ated the instrumented versions of these programs usingLiiilL
infrastructure [17] to record the branch/def-use coveiafggma-



Table 3: Experiment Subjects

Prog. loc. Avg. size of Total No. of
un-minimized suite requirements
Branch Cov. [ Def-use Cov. || Branches] Def-use pairs
space | 6218 533 539 1356 5179
tcas 138 20 21 41 51
print 402 64 66 127 275
tokens
print 483 77 79 154 235
tokens2
schedule| 299 46 46 84 148
replace 516 83 108 155 759
totinfo 346 53 53 83 287

tion for each test case. The instrumented version genebgtéue
LLVM infrastructure for theschedule2.@rogram resulted in seg-
mentation faults when executed with test cases (whereasrthe
instrumented version executed ne for the same test ca$bgye-
fore, we conducted experiments with tepaceprogram and the
remaining six programs in the Siemens suite. From the test po
for each program, we created 100 branch (def-use pair) ageer
adequate test suites as follows. For each program, for emth t
suite, 10%-20% (5%-10% for the Space program since it ie)arg
of the line of code test cases were randomly selected frortetite
pool, together with additional test cases as necessaryhiewc
100% coverage of branches (def-use pairs). The numberesf tif
code, test pool size, average size of the un-minimized téstssfor
branch/def-use coverage and the total number of branafesée
pairs in each program are shown in Table 3. We minimized efich o
these test suites using each of the above test suite mirtionizal-
gorithms and recorded the size of the minimized test suitetiame
taken by each algorithm to minimize the test suite.

4.1 Results and Discussion

The average sizes of reduced suites produced by DelGreedy fo
each of the programs are shown in Table 5. In our experiments,
for each test suite for each program, the size of minimizete su

Also note from the Table 5 that the average sizes of reductd te
suites produced by DelGreedy are quite small and therdferdif-
ferences of sizes 1, 2, 3, , , 9 etc. in the reduced test suites p
duced by the other algorithms and DelGreedy are quite sigmit.

In our experiments, on an average, for branch coverage ateequ
suites, DelGreedy produced smaller size suites than Gré#ag

and SMSP in 35%, 64% and 86% of the cases respectively. On an
average, for def-use coverage adequate suites, DelGreediyqed
smaller size suites than Greedy, HGS and SMSP in 39%, 46% and
91% of the cases respectively.

Table 6: Number of Optimal size(#Opt) and Non-Optimal size
(#Non-Opt) test suites produced by each algorithm and time
performance

Prog. Algo. Branch Coverage Suites Def-Use Coverage Suites

#Non- #Opt. #Un- Time #Non- #Opt. #Un- Time
Opt. Dec. (sec) Opt. Dec. (sec)
space DelGreedy - 92 8 737 - 99 1 1.912
Greedy 100 0 0 444 100 0 0 1.932
HGS 96 4 0 .307 93 7 0 .666

SMSP 100 0 0 - 100 0 0 -
tcas DelGreedy - 68 32 .006 - 96 4 .006
Greedy 43 37 20 .004 32 65 3 .004
HGS 42 39 19 .002 2 94 4 .001

SMSP 100 0 0 - 100 0 0 -
print DelGreedy - 71 29 .006 - 92 8 .011
tokens Greedy 18 62 20 .005 22 70 8 .009
HGS 57 35 8 .006 30 66 4 .008

SMSP 100 0 0 - 100 0 0 -
print DelGreedy - 84 16 .010 - 80 20 .011
tokens2 Greedy 14 70 16 .007 38 50 12 .010
HGS 51 29 20 .007 52 40 8 .008

SMSP 100 0 0 - 100 0 0 -
schedule | DelGreedy - 99 1 .003 - 91 9 .006
Greedy 0 99 1 .003 0 91 9 .004
HGS 63 36 1 .006 38 56 6 .008

SMSP 1 99 0 - 34 66 0 -
replace DelGreedy - 53 47 .011 - 94 6 .027
Greedy 51 25 24 .006 78 11 11 .021
HGS 67 17 16 .006 71 28 1 .020

SMSP 100 0 0 - 100 0 0 -
totinfo DelGreedy - 46 54 .004 - 88 12 .010
Greedy 16 32 52 .004 2 87 11 .009
HGS 73 11 16 .004 34 58 8 .008

SMSP 99 1 0 - 100 0 0 -

Recall that unlike HGS, Greedy and SMSP algorithms, our Del-
Greedy algorithm can identify that a reduced suite is ofroptisize

generated by DelGreedy was of the same size or of smaller sizeif it was produced by using only the object, attribute and enre-

than that generated by the other algorithms. Thereforeuhwprs

in Table 4 show for each program, fbow manytest suites (out

of total 100), the difference between the size of reducetd qub-
duced by other algorithm (Greedy, HGS or SMSP) and the size of
reduced suite produced by DelGreedy was equal to 0, 1, Z;.3ret
other words, it shows thigzequencywith which the reduced suites
for other algorithms were same size, larger by 1 test casgerla

ductions. For each row labeled with DelGreedy in the Tablkiaé,
column labeled #Opt shows the number (out of total 100) of re-
duced suites identi ed as of optimal size by DelGreedy. Thes
corresponding to other algorithms for this column show, Hfow
many of those suites identi ed as of optimal size by DelGseelit

the algorithm compute same size suite as DelGreedy. Thencolu
labeled with #Non-Opt shows for how many test suites therothe

by 2 test cases, , , , larger by 9 test cases, etc. when comparedhlgorithms produced larger size test suites than thoseupeatiby

with the size of reduced suites produced by DelGreedy. Fer ex
ample, for the minimization of branch coverage suites ferttias
program, the number 41 in the column labeleahd in the row cor-
responding to the Greedy algorithm shows that there wereetl t
suites (out of total 100) for which the minimized suite by €ag
algorithm contained 1 more test case than the correspomding
imized suite generated by the DelGreedy algorithm. Theé€Tabl
shows that DelGreedy, Greedy and HGS achieved more suée siz
reduction than SMSP and that DelGreedy can go even further th
Greedy and HGS algorithms in producing smaller size suites.

Table 5: Average size of minimized suite by DelGreedy

Program Branch Coverage] Def-Use Coverage|
space 123 143
tcas 4 4
print-tokens 6 7
print-tokens2 4 8
schedule 2 2
replace 9 26
totinfo 2 5

DelGreedy. In these instances, it was clear that other ithgos
generated non-optimal size suites. The data for this colcanrbe
computed by subtracting from 100, the number in the cormedpo
ing row under the column labeled with 0 in Table 4. The column
labeled with 0 in Table 4 shows the number of test suites fackwh
the respective algorithm computed the same size suitesoas th
produced by the DelGreedy. Therefore, subtracting thisbarm
from 100 gives the number of test suites for which the algamit
de nitely computed non-optimal size suite. The column labe
with #Un-Dec. in Table 6 shows, for each respective row, than
ber of test suites for which it could not be determined if tsduced
suite was of optimal size or not. This can be computed for eagh
by subtracting from 100, the number test of suites that were d
nitely reduced to optimal size (#Opt.) and the number ofdeses
that were de nitely reduced to non-optimal size (#Non-Qpt.

Note that for each row corresponding to algorithms Gree®SH
and SMSP in Table 6, the sum of the entries under the columns la
beled #Opt. and #Un-Dec. is equal to the corresponding entry
under the column labeled O in Table 4. For example, for reduc-



Table 4: Frequency of ( size ofTmin by Algo. - size ofTmin by DelGreedy ) for Branch coverage and Def-Use coverage test-suites

frequency of ( size afmin by Algo. - size ofTmin by DelGreedy ) frequency of ('size afmin by Algo. - size ofTmin by DelGreedy )
Prog. Algo. Branch Coverage Suites Def-Use Coverage Suites
0 J1J2[3J4]5]6]7]8[]9T[>9 0 T1[2[3J4]5]6]7[8[]9T]>9

space Greedy| O 4 10| 20| 22| 22 | 12 8 2 - - 0 1 5 19| 17| 24| 16| 8 6 1
HGS 4 19| 22|18 18| 10| 5 3 1 - - 7 20 16| 14| 9 4 2 4 - -
SMSP 0 0 0 0 0 0 0 0 0| 0| 100 0 0 0 0 0 0 0 0 0 | 100
tcas Greedy | 57 | 41| 2 - - - - - - - - 68 | 30 - - - - - - - -
HGS 58 | 36| 6 - - - - - - - -
SMSP 0 0 0 0 5 6 11| 10 | 13 | 18 37 0 1

1 - - - - -

1

28| 15| 14| 7 1

print Greedy | 82 | 17

oR woowoonolR w
)
o

tokens HGS 43 | 36 5| 4 2 - - 70 | 22 2 -
SMSP 0 0 0 0 0 0 2 3 2 2 91 0 0 0 0 0 1 2 5 7 85
print Greedy | 86 | 14 | - - - - - - - - - 62 | 34 1 - -
tokens2 HGS 49 44 | 17 0 - - - - - - - 48 | 34 3 -
SMSP 0 0 0 2 1 0 0 1 1 1 94 0 0 0 0 1 1 2 0 0 96
schedule| Greedy | 100 [ O - - - - - - - - - 100 | - - -
HGS 37 | 48| 14| 1 - - - - - - - 62 | 32| 6 -
SMSP | 99 0 1 - - - - - - - - 66 | 19| 12| 2 1
replace | Greedy | 49 | 45 | 4 2 - - - - - - - 22 [ 36 [38] 10 3 1
HGS 33 | 37 | 27 3 - - - - - - - 29 |41 24| 5 1 - - - - - -
SMSP 0 0 0 0 0 0 0 0 0 1 99 0 0 0 0 0 0 0 0 0 0 100
totinfo Greedy | 84 | 16 | - - - - - - - - - 98 2 - - - - - - -

HGS | 27 | 47| 20| 5 | 2 | - | - | - -|-1] - ||[e6|20|a |2 |-1|-|-|-1]-1-]/-
sMSP | 1 | 2|8 |12|20|12]|17|12| 9| 4| 3 o lojojo|1|2]2]7|11]12]68e5

ing the branch coverage suites for teplaceprogram, inthe rowv 5. RELATED WORK

corresponding to the Greedy algorithm, the sum of entrig®un — Finding the minimal cardinality subset of a given test stiitet
the columns labeled #Opt. and #Un-Dec. is 25+24=49 which is covers the same set of requirements as covered by the drigita
same as value in the corresponding row under the columneldbel  gyite js NP complete. This can be shown by a polynomial time re
with 0 in the Table 4. Therefore, for 24 test suites in which th  gyction from theminimum set-coveii7] problem. Therefore, sev-
DelGreedy and Greedy computed same size suites, we could nofera| heuristics have been developed to compute a solutidiistof

determine if the size of the reduced suite is optimal sindd@se  the size as close as possible to the optimal size solutionlag c
cases DelGreedy needed to use the greedy heuristic. Houféuer  sjcal approximation algorithm for the minimum set-covestgem
each of these cases, if the Greedy algorithm had actuallypoted by Chvatal [5, 6] uses a simple greedy heuristic. This héaris

an optimal size suite, then DelGreedy would have also coetput pjcks the set that covers the most points, throws out all tietg
optimal size suite since both computed the same size redustd covered by the selected set, and repeats the process Untieal

for these 24 test suites. Therefore, if it was the case thatetest points are covered. When there is a tie among the sets, one set
suites counted in the undecided column (#Un-Dec.) for thecar- among those tied is picked arbitrarily. This algorithm hastbthe
responding to Greedy algorithm fegplaceprogram indeed were  most commonly cited solution to the minimum set-cover peabl
reduced to the optimal size by Greedy algorithm, then $téldif- and an upper bound on how far it can be from the optimal size so-

ference in the number of optimal suites computed by DelGreed |ytion in the worst case has been analyzed in [6]. This htaris

and Greedy would be unchanged (53+24) - (25+24) = 53-25=28.  exploits only themplications among test castsdetermine which
Therefore, the difference between the value of #Opt shown in test cases become redundant while reducing a test suitethémo

the Table 4 for an algorithm (Greedy, HGS or SMSP) and the cor- greedy heuristic, based on the number of test cases coveriag

responding value of #Opt shown for DelGreedy givesrtiigimum quirement, was developed by Harrold et al.[8] to select ainmah
difference between the total number of optimal size suiéeeg subset of test cases that covers the same set of requireasetfits
ated by DelGreedy and the respective other algoritfime Table 6 un-minimized suite.

clearly shows that DelGreedy can nd signi cantly more nuenb Agrawal used the notion of dominators, superblocks and mega
of optimal size reduced suites than the other algorithmge Mt blocks [1, 2], to derive coverage implications among théddaiscks
we were able to do the above analysis without having to coenput o reduce test suites such that the coverage of statemehisamches
the optimal size suites for each of the test suites by ustigiques in the reduced suite implies the coverage of the rest. Silyila
like enumeration of suites which can run in exponential tiffleis Marre and Bertolino [13] use a notion of entities subsunptio

analysis was made possible because of the property of Dedi§re  getermine a reduce set of coverage entities such that geefahe

to identify opt.imal size reduced suites.in the cases wherrghe  educed setimplies the coverage of un-reduced set. Thaks jio
duced test suite could be generated without the need to &ipply 2 13] exploit only theimplications among coverage requirements
greedy heuristic. to generate a reduced set of coverage requirements.

_ Finally the column labeled with Time in 6 shows the average | contrast to the above work, our approach iteratively eitpl
time taken by each algorithm isecondsto reduce test suites for  the implications among the coverage requirements (ateiteguc-
each program. The time of SMSP is not shown as the implementa- tjons)andthe implications among the test cases (object reductions),
tion in [15] used a concept analysis tool to build the conéafice in addition to the owner reductions, to derive a reducedesasitd

to nd the strongest concepts. However, we found the strehge  applies the greedy heuristic only when needed. This is itrash
concepts directly from the table without building the legti Since to the classical greedy algorithm which applies the greedyiktic
we used a different implementation to compute the same size r 4t every step. Thus, our Delayed-Greedy algorithm is gteeah
duced test suite as computed by SMSP, we have not given tbe tim to generate reduced suites that are of the same size or ssiatle
performance for SMSP. The Table 6 shows that the runningdime  than those generated by the classical greedy algorithmssenee,
DelGreedy is comparable to other algorithms. while exploring a solution to the test suite minimizatiootgem,



we have discovered a new algorithm for the minimum set-cover 7.

problem Although, it does seem surprising that this algorithm has
not been discovered before in various contexts in which thre m
imum set-cover problem may arise, it is easy to see that we wer
able to exploit different types of implications present liree tcon-
text table because we started to analyze this problem wathéip

of concept analysis which exposed these different typempfii
cations simultaneously in a single framework namely theceph
lattice. Since the concept lattice is derived from the cxiriizble,

all the desired implications can be derived directly frora ton-
text table, and this led to the development of our DelayeeleGy
algorithm.

Sampath et. al [15] have presented a concept analysis bgsed a
rithm (SMSP) for reducing a test suite for web applicatiofkey
consider the URLs used in a web session as the attributesaahd e
web session as a test case. In this work, one test case frdnogac
the strongest concept in the concept lattice is selectedrtergte a
reduced test suite to cover all the URLs covered by the uestiu
suite. As shown in our experiments and in their recent refi6it
the reduced suites produced by their approach are in gdaegal
than those produced by applying the classical greedy &hgo@nd
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