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Abstract

T-way testing is a testing technique that is used to detect faults due to parameter interactions or software con-
figurations. In order to perform t-way testing, software testers need to prepare the test data. For a system with many
configuration parameters, the test data could lead to combinatorial explosion problem, since all possible parame-
ter combinations need to be considered. Therefore, test data generation for t-way testing need to be optimized. Many
t-way test data generation strategies have been proposed in the literature to generate optimized t-way test data.
However, very few strategies have been proposed for sequence-based t-way. This paper presents statistical analy-
sis on the performance of Bees Algorithm against the other sequence t-way strategies, in order to generate test cases.
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1. Introduction

One of the important objectives of software testing is to
find as many faults as possible in a System Under Test
(SUT). As there are many classes of systems, in order to
achieve the objective, different types and approaches of
testing might need to be perform (e.g. regression testing,
performance testing, compatibility testing and interac-
tion/combinatorial testing). For an event-driven system,
faults may be triggered from a combination of events trig-
gered during a process. To detect such faults, interaction
testing or combinatorial testing can be performed against

the SUT. This is to ensure that combination of any events
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will not flag any errors. In the literature, many combina-
torial or interaction test strategy have been developed for
the past 20 years (e.g. Jenny!, IPOG* MC-IPOG? AETG*
and TConfig’, ACS¢, PICT? PSO%, HSS? ParaOrder’,
Density™, TVG2 and ITTDG®). Although these strategies
are able to detect faults due to combination or interac-
tion between events, the sequence of events occur are not
being considered. This would risk the SUT to faults due to
sequence of event.

In an event-driven system, event can occur in many
sequences. In order to detect the fault due to sequences
of events, we need to test all possible sequence of event

for the SUT. However, testing all possible sequence,
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even for a small system is inefficient and yet affordable
due to resource constraints (i.e. time, budget and human
resource).

In*** have proposed a new approaches to generate test
data for testing event-driven system. Their work, focus on
systems with distinct number of event and each event
occurs only once, since event repetition is not always
the case in an event-driven system. Kuhn has been using
computational greedy approach while Esra is proposing
a rule-based approach using Answer Set Programming
(ASP). Both approaches have its strength and limitations;
hence we are looking into improving the limitations of
the two approaches. The advantages and limitations of the
two mentioned approaches are discussed in the next fol-
lowing section.

Researchers have been adopting Artificial Intelligence
(AI) to solve combinatorial optimization problems. In the
emerging research area of software testing, researchers
have been proposing the use of Al approach in generat-
ing optimized test data for t-way testing (e.g GA¢, ACS?,
PSO® and HSS?). From the published results, in general,
the Al-based strategies produce smaller test suite size
compared to the computational strategies especially when
it comes to higher number of parameters (events).

In', a new t-way test data generation strategy using
Bees Algorithm has been proposed for generating test
data for a sequence-based system. In this paper, we
benchmark the performance of the Bees Algorithm strat-
egy from!” against other t-way strategies in generating
sequence-based t-way test data. The benchmarking is
done by comparing the different in final test suit size as
well as using statistical approach to determine whether

the differences in test suit size is significant or not.
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For the purpose of presentation, this paper is orga-
nized as follows. Section 2 discusses the background;
Section 3 elaborates the results and benchmarking against

existing strategies; and Section 4 provides the conclusion.

2. Background

Although ideally and desirably, all possible combination
of configurations need to be tested, in real world, exhaus-
tive testing is not always practical and feasible'®. This is
due to resource (i.e. cost, human, time) and timing (such
as time to market) constraints. As a result, many sam-
pling strategies have been developed and commonly used
such as equivalent partitioning, boundary value analysis,
cause and effects graphing and decision table mapping.
All of the mentioned sampling strategies are useful for
input fault detection and prevention; these strategies are
not sufficiently effective to detect faults due to interaction
between input parameters.

In order to address this issue, researchers have been
proposing many strategies in order to generate test suite
for t-way testing. In the literature, many t-way strategies
have been developed for the past 20 years. Chronologically,
the t-way test data generation strategies started with
Automatic Efficient Test Case Generator (AETG)22,
AETG is a computational strategy based on greedy algo-
rithm, a number of test cases are generated and the best
test case (i.e. that covers the most intended combination)
will be selected in each iteration. In-Parameter Order
(IPOG)? generates test cases for the first t-parameters and
then extend the test cases one parameter after another to
cover all the intended combinations. Test Configuration®
is a strategy based on mathematical algebraic approach to
generate the final test suite. Later, Simulated Annealing®

and Genetic Algorithm* are strategies that are using
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meta-heuristic algorithm. The former adopting the pro-
cess of annealing while the latter is adopting chromosome
mutation process. On top of that, Pairwise Independent
Combinatorial Testing (PICT)* is another computa-
tional greedy strategy. In Parameter Order General® is an
extended version of IPO that supports higher interaction
strength (i.e. IPO only support pairwise or t = 2). Another
strategy that is based on meta-heuristic algorithm is
Ant Colony System* which adopt the ant food forag-
ing behavior. Multi-Core-In Parameter Order General
(MC-IPOG)® is a parallel implementation of IPOG.
Integrated t-way Test-Suite Generator® is a strategy that
integrates all three types of interaction strength in one
strategy. Particle Swarm Optimization®*® Harmonic Search
Strategy®' and Cuckoo® are all meta-heuristic strategies
adopting swarm intelligence, harmonic tuning of musical
instrument and the behavior of Cuckoo birds laying their
eggs in the nest of other host birds respectively.

T-way strategies generate test suites that provide cov-
erage for as many interactions as possible for a set of input
parameters. In t-way testing, input values for each param-
eter (e.g. all possible values for a configuration parameter)
are selected and combined to generate a set of test cases or
test suite. In t-way strategies, all possible combination of
possible values of any t parameters is required to be tested
at least once. Here, t indicates the interaction strength. If
t equals to the number of parameters (i.e. full interaction
strength), a state of exhaustive testing is reached, which is
not desirable. Thus, in a typical setup, ¢ is less that the total
number of parameters. Although exhaustive interaction
is not performed, empirical data shows that 100% faults
can be exposed by considering a relatively low number of

interaction (i.e. up to t = 6) among parameters®*,
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Meta-heuristic approach is gaining its popularity in
the field of optimization. In the literature, many meta-
heuristic based algorithms yield better results compared
to computational based algorithm especially when the
size problem size become larger. While computational
based algorithm is fast and deterministic, meta-heuristic
algorithm is non-deterministic and relatively slower com-
pared to computational based algorithm, but published
works show that metaheuristic based produced better
results especially when involving large search area. This is
due to the heuristic search process in the algorithm that is
used to improve the results in each iteration.

As mentioned above, there are a number of t-way
strategies based on meta-heuristic algorithms. On the
other hand, for sequence-based t-way testing, only a num-
ber of test data generation strategies have been proposed
which includes computational approach and rule-based

programming such as tseq* and ASP®.

3. Results Analysis

Results in Table 1 is taken from!” with additional row of
50 event sequence. For 3-way sequence and number of
event that is less than 20, the rule based approach adopted
in ASP outperforms both BA and t-seq. It is within our
expectation that ASP able to produce best results. This is
due to the advantage of the proposition logic processor
that enables ASP to suggest test case that can cover the
most tuples. However, as the size of event increases, (i.e.
event sequence more than 20) the performance of BA is
catching up with ASP. BA managed to produce similar
test case size when number of event is 20 (for 3-way) and
managed to outperforms ASP with slightly better results

when it comes to 30, 40 and 50 events.
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Table 1. Number of test suit size for 3-way and 4-way sequence

3-way sequence 4-way sequence
Event

t-seq ASP BA t-seq ASP BA
5 8 7 8 29 - 26
6 10 8 8 36 - 35
7 12 8 10 46 - 41
8 12 8 10 50 - 50
9 14 9 12 58 - 57
10 14 10 12 66 55 64
11 14 10 13 70 - 69
12 16 10 15 78 - 77
13 16 10 14 86 - 81
14 16 10 16 90 - 86
15 18 10 16 96 - 91
16 18 11 17 100 - 97
17 20 11 18 108 - 99
18 20 - 18 112 - 104
19 22 - 18 114 - 107
20 22 19 19 120 104 104
21 22 - 20 126 - 116
22 22 - 21 128 - 120
30 26 23 23 156 149 145
40 32 27 26 182 181 175
50 34 31 30 214 - 190
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As for 4-way sequence, the performance of BACA is
consistent with results 3-way sequence. BA outperforms

t-seq in almost all configurations. Furthermore, the dif-

30 event sequence and 3.3% better for 40 event sequence.
Based on these trending, it is foreseen, the results for

higher number of sequence, that is, more than 50, form

ference in size of test cases between BACA and t-seq are BACA will still able to outperforms ASP.

relatively higher if compared to the results obtained from

4. Statistical Analysis

3-way sequence.

As for results from ASP and BA for 4 event sequences, . .
The performance of BA strategy in generating test cases

the results from ASP are only available for of 20, 30 and can also be compared o ASP and t-seq by adopting statis-

40 events sequence. BA managed to produce same size of . . .
tical analysis approach. From the experiment results, each

test suit for 20 event sequences, relatively 2.7% better for .
strategy has its own strength and weaknesses. In order

Table 2.  Wilcoxon signed rank test for ASP and BACA
(a) (b) (©) (d) (e) () (8) (h) (@)
Test ASP BACA Observe | Absolute Sign Ordered Ranks signed
Config. X, Y, difference | values of absolute ranks
d=x -y, | differences value of d,
differences
1 7 8 -1 1 0 2.5 2.5
2 8 8 0 0 0 2.5 2.5
3 8 10 -2 2 0 2.5 2.5
4 8 10 -2 2 0 2.5 2.5
5 9 12 -3 3 -ve 1 6 -6
6 10 12 -2 2 1 6 6
7 10 13 -3 3 1 6 6
8 10 15 -5 5 -ve 2 9 -9
9 10 14 -4 4 -ve 2 9 -9
10 10 16 -6 6 -ve 2 9 -9
11 10 16 -6 6 -ve 3 11.5 -11.5
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Table 2 Continued
12 11 17 -6 6 -ve 3 11.5 -11.5
13 11 18 -7 7 -ve 4 13.5 -13.5
14 19 19 0 0 4 13.5 13.5
15 23 23 0 0 -ve 5 15 -15
16 27 26 1 1 -ve 6 17.5 -17.5
17 31 30 1 1 -ve 6 17.5 -17.5
18 104 104 0 0 -ve 6 17.5 -17.5
19 149 145 4 4 6 17.5 17.5
20 181 175 6 6 -ve 7 20 -20

to assess the statistical evidence whether there is sig-
nificance difference between results from BA compared
to one other strategy in a particular configuration, the
Wilcoxon signed-rank test (Wilcoxon Test) is performed.

The Wilcoxon Test is a non-parametric test that allows us

Based on experiment results in Table 1, two sets of
Wilcoxon Test are performed. The first one is between BA
and t-seq and the other one is between BA and ASP. To
demonstrate how Wilcoxon Signed Rank test works, part

of results from BACA and ASP (taken from Table 1) are

to compare two paired samples.

Table 3. Result of Wilcoxon test

Wilcoxon Test Statistical Result

Reject or Accept H|

Effective sample size is 21

BA vs. t-seq Wr=23L,W=0

W< Wa
Reject H result is significant

W statistic = 53
Wa at 0.05= 52

W statistic is 0
Wa at 0.05: 58
Effe&t;vi Ssa;l&? flie; ;s 20 W > W
BA vs. ASP o Accept H_ result is not significant
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compared as in Table 2 below. In Table 2, column a repre-
sents the test configuration number, column b and c lists
the results from ASP and BACA respectively. Column d
shows the different between b and ¢ and column e list
the absolute of column d. In column f and ) the absolute
values are sorted and assigned with its sign (negative or
positive). The absolute values are ranked in Column h
and then re-assigned back with its rank in column i.
Results from both ASP and t-seq are only considered
if the data is complete. For the unavailable values (i.e. NA
results from ASP), the pair is considered incomplete and
excluded in this test. The results of the Wilcoxon Test are

presented in Table 3 below.

5. Conclusion

In this paper, the performance of BA to generate test
data for t-way is evaluated. From the results, in some test
configuration, BA is performing well compared to both
ASP and t-seq vice versa. Besides comparing the size of
the final test suit, a statistical approach using Wilcoxon
Signed Rank test is used to see whether the differences in
test suit size is significant or not. For BA vs. t-seq, statisti-
cal evidence reveals that the results between the two are
significance. Since BA produced all positive results com-
pared to t-seq, it can be concluded that in overall BA is
significantly better than t-seq in term of performance. On
the other hand, with regard to BA vs. ASP, although ASP
produces many better results, statistical approach reveal

that it is not significant that ASP performs better than BA.
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