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Abstract—Covering arrays have been extensively In this definition, ¢ is often referred to as the
used for software testing. Therefore, many covering coverage strength.

array constructors have been developed. However, - .
each constructor comes with its own pros and cons. Covering arrays have been successfully used in

That is, the best constructor to use typically depends Many domains, including systematic testing of input
on the specific application scenario at hand. To im- parameters[[3], software configuratioris [4], soft-
prove both the efficiency and effectiveness of covering ware product line<|5], graphical user interfades [6],
arrays, we, in this work, present a classification- miti- threaded application§1[7], and network pro-

based approach to predict the “best” covering array
constructor to use for a given configuration space
model, coverage strength, and optimization criterion,
i.e., minimizing the construction time or the cov-
ering array size. We also empirically evaluate the
proposed approach by using a relatively small, yet
quite realistic space of application scenarios. The
approach predicted the best constructors for reducing
the construction times with an accuracy of 86% and
the best constructors for reducing the covering array
sizes with an accuracy 90%. When two predictions
were made, rather than one, the accuracy of correctly
predicting the best constructors increased to 94% and
98%, respectively.
Index Terms—Combinatorial interaction testing,

covering arrays, covering array constructors, predic-
tions

|. INTRODUCTION

tocols [8]. Therefore, approaches for computing
covering arrays in an efficient and effective manner
are of great practical importance, which is also
evident from more thah0 papers published on the
subject [[2].

In a number of studies we conducted on existing
covering array constructors, we observe that each
constructor typically comes with its own pros and
cons. Some constructors are fast and scalable, but
typically generate large covering arrays. Others gen-
erate small covering arrays, but typically are slow
and does not scale up well. Furthermore, the effi-
ciency (i.e., generating covering arrays faster) and
the effectiveness (i.e., generating smaller covering
arrays) of the constructors often depend on some
important problem parameters, such as the coverage

Covering arrays systematically sample a givestrength, the number of configuration options, the

configuration (i.e., input or variability) space andiumber of constraints, and the “length” of these

test only the selected configurations. Giveran- constraints. Consequently, the best covering array
figuration space modelwhich implicitly defines a constructor to use often typically depends on the

valid configuration space for testing by expressingpecific application scenario at hand.

configuration options and their settings as well as In this work we present a classification-based ap-
the inter-option constraints (if any) that invalidatgroach to predict the “best” covering array construc-

certain combinations of option settings, tavay tor to use for a given configuration space model,

covering array is a set of valid configurations, ircoverage strength, and optimization criterion, i.e.,

which each valid¢-tuple appears at least oncereducing the construction time or the covering array

where at-tuple is an ordered set of option-settingize. In the experiments we carried out, the pro-

pairs for a combination of distinct options|[[][[2]. posed approach predicted the best constructors for
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reducing the construction times with an accuracy @pproximation to the minimum size. The approach
86% and the best constructors for reducing the coproposed in[[10] judiciously chooses a new size at
ering array sizes with an accuracy of 90%, whereach iteration and feeds it to simulated annealing.
the accuracy was computed as the percentage Starting with an initial state of the given size,
the correctly predicted best constructors. When twehich is represented as a set of configurations,
predictions were made instead one, the accurathe annealing process repeatedly applies a series
of having the best constructor among the predicteaf alterations to the current state until the current
ones, was 94% and 98%, respectively. state constitutes a t-way covering array. During the
The remainder of the paper is structured as folterations, superior states (i.e., the ones with fewer
lows: SectiorJl provides background informatiomumber of missing t-tuples) are always accepted,
about the existing covering array constructors usedhereas the the inferior states (i.e., the ones with
in this paper; Sectiofilll introduces the proposethore number of missing t-tuples) are probabilisti-
approach; Sectiof IV presents the experiments veally accepted to avoid getting stuck with a local
carry out to evaluate the proposed approach; Seaptima. Furthermore, the probability of accepting
tion [V discusses threats to validity; Sectién] Vian inferior state gradually decreases as the search
presents related work; and Section]VII presents coproceeds.
cluding remarks and possible directions for future ACTS uses the standard IPOG algorithm][16] as
work. well as a number of variations of this algorithm
[17] to construct covering arrays. The IPOG algo-
Il. BACKGROUND rithm starts with at-way covering array for the

Covering array constructors take as input frst ¢ options and then repeatedly carries out a
configuration space modall =< O, V,Q >. This horizontal growthfollowed by avertical growthin
model includes a set of configuration optiong loop until the array constitutestaway covering
O ={o01,02,...,01}, a set of settings for thesearray. In a horizontal growth, a new option is added
optionsV = {Vi,Vs,--- ,Vi}, whereV; is a dis- to array (i.e., the array is extended by a column)
crete domain from which optiom; takes on a and the settings in the newly added column are
setting, and a system of inter-option constraigts decided in a greedy manner. After populating the
which invalidates certain combinations of optiorf€w column, if there are still some missing t-tuples
settings. For this work, we express the constraintdvolving the options so far included in the array, a
as a set of forbidden tuples, i.e., combinations ofertical growth is carried out, which adds additional
option settings that are not allowed to appear ifPWs to the array in a greedy manner until the
any configuration, which is one of the well-knowrcurrent set of missing t-tuples are covered.
approaches for expressing constraints in combina-Jenny is another well-known covering array
torial testing [9]. constructor. It uses a greedy approélch [12]. In each

In the empirical studies presented in Secfioh I\iferation, a set of configurations are randomly gen-
we use five well-known covering array construcerated and then the settings of the options present
tors, namelyCASA [10] ACTS [11], Jenny [12], in the configurations are fine tuned in a greedy
PI CT [13], and TCA [14]. manner to reduce the number of missing t-tuples.

CASA uses simulated annealirig [15] to comput&inally, among all the configurations generated, the
covering arrays[[10]. The standard simulated ar®ne that covers the maximum number of previously
nealing loop is enhanced with an additional oute#ncovered t-tuples is included in the array. The
loop to determine the “minimum” size of the arrayiterations end when no t-tuples left uncovered.
Note that the minimum size of a covering array Pl CT is developed with three main design de-
cannot be determined with certainty in the generalsions: 1) computing covering arrays faster, (2)
case. Therefore, constructors, especially the onease of use, and (3) extensibility [13]. It uses a
based on metaheuristic search, should locate a gagr@éedy algorithm. In each iteration, a configuration



that covers the “maximum” number of missingnodel. We use the former two features, ieand
t-tuples is generated and added to the array &f because the number oftuples to be covered
selectionsPI CT differs fromJenny in that itis a grows exponentially witht and polynomially with
deterministic constructor and a single configuratioh. Therefore, these parameters typically affect both
is generated at each iteration, rather then multiptee construction times and covering array sizes in a
ones. significant manner. The latter two features are used
TCA is a covering array constructor that operatdsecause in a number of studies we carried out, we
in two modesgreedy modendrandom modg14]. observed that the efficiency and the effectiveness
In the greedy modeTCA employs an influential of the existing constructors often depend on these
tabu search[]18] in an attempt to optimize th@arameters at different levels and in different ways.
objective function, whereas in the random mode, Furthermore, rather than using the actual number
it adapts the random walk heuristic in an attempif constraint§Q|, we opt to use the constraint level
to better explore the search space and diversify the This is because the effect @p| depends on the
search. configuration space under test, which necessitates
We opted to use these covering array constructaisat |Q| needs to be normalized. The relationship
because 1) they are publicly available, well-knowbetween|@Q| and L is given below:
constructors, 2) they use a spectrum of different
approaches to construct covering arrays, and 3) they Q| = [2LVE] 1)
all support configuration space models with inter-

option constraints and varying numbers of settings we SO ﬂgs to_train Sthe prte;]dlctmn l;nodefls IT’d
for the configuration options. an unbiased manner. Since the number of vali

configurations tends to decrease exponentially with
1. A PPROACH |Q|, by making |Q| proportional to the square
In this paper we develop a classification-base@ot of k, we attempt to keep the decrease in the
approach to predict the “best” covering array corconfiguration space linear. That is, given the number
structor to use for a given application scenario. 18f forbidden tuples@|, we computel. as described
particular, we take as input a configuration spade equation [(1) and use it, rather thd@|, for
model, a coverage strength, and an optimizaticm’edictions. Given a set of forbidden tuples, one
criterion. The optimization criterion can either becan trivially determine the implicit forbidden tuples
to reduce the construction time or to reduce thef any) by using the algorithm presented in [19].
covering array size. The former criterion is im-B
portant when the cost of running a covering array . . )
is negligible compared to that of constructing the !N this work we envision a service (e.g., a web
array. And the latter criterion is important when th&€rvice), which, given an application scenario, pre-

cost of constructing a covering array is negligibl€icts the best covering array constructor to use.
compared to that of running the array. That is, the prediction model (i.e., the classification

model) is trained by the service provider and once
trained, the same model is used by all practitioners;
To train a prediction model and later to use thipractitioners are not required to train their own
model to predict the best constructor to use, werediction models.
extract four features: the coverage strengttihe To train the prediction model, we opted to use the
number of configuration option&, the level of full-factorial designs[20]. The proposed approach
constraintsL, and the constraint lengtf, which operates as follows: 1) for each of the four features
is indeed the number of unique options involved idiscussed in Sectidn II[HA, a minimum and a max-
a forbidden tuple. imum value to be used for training are determined;
All of these features, except for the first one2) the range of values for each attribute is then
are extracted from the given configuration spacdiscretized, such that the data required for training

. Training Phase

A. Features



the prediction models can be collected given thep having 5 new different training sets. The updated
resources available; 3) each constructor is executidining sets are then used to create the second-best-
in every possible combinations of the discretizedonstructor models fo€'.
levels across all the features, and both the construc-These models are used for the experimental se-
tion times and the covering array sizes are recordeips for which C was predicted to be the best
and 4) the data obtained is then used to train @nstructor by the best-constructor model. Note that
separate classification model for the constructidmy removingC' from the training set(”' is prevented
time and the covering array size, where for everfrom being both the best and the second best
experimental setup the best constructors are usedcasstructor. Consequently, the number of second-
class labels. best-constructor models we train is the same as the
The ultimate goal of this approach is to maké&umber of constructors used one model for each
reliable predictions within the space used for trainconstructor.
ing, the border of which is determined by the
minimum and maximum values of each feature”” Deployment Phase
Since a single training model needs to be trained In the deployment phase, the prediction models
for all the practitioners and the data collectioréreated in the training phase are used to predict the
process can trivially be parallelized, we believe thdiest and the second best constructors. To predict
such a prediction model can easily be trained fdhe best constructor, the features extracted from the
a large enough space to be practical. Furthermogiyen scenario are fed to the best-constructor model.
the amount of resources required for collectingo predict the second-best predictor, the second-
the data can significantly be reducedsifreening best-constructor model trained in the absence of the
designs[20], rather than full-factorial designs, arebest constructor predicted is used with the same
used. Screening designs are a class of highly edeatures.
nomical experimental designs that can be used to
identify the important features, i.e., combinations
of feature settings that affect the construction times We carried out a series of experiments to evaluate
and/or the covering array sizes most, and then onliye proposed approach.
these features can be used to train the predicti%n
models. '
The prediction model trained as described above !N these experiments we, as a training set, used all
suggests 0n|y one Covering array constructor. Coﬁomb!natlons of the settings over the four features
sequently, we call this modebest-constructor described below:
model. To further experiment with the proposed  Coverage strength (): We experimented with
approach and to provide developers with more t¢={2,3}.
options, we have also developed an approach toe Number of configuration options (k): We ex-
predict the second best constructors, which can perimented withk = {20, 80, 140,200}. The

IV. EXPERIMENTS

Training Set

indeed be trivially generalized to predict thé" number of values that each option can take on

best constructors. We call these modsdsond-best- was set t@2, 3, or 4 with an equal probability.

constructormodels. o Constraint level (L): We experimented with
The second-best-constructor models are trained L = {0,1,---,9}. Note that given’, the ac-

as follows: For each construct6t, the constructor tual number of forbidden tuples is determined

is completely removed from the training set. Thatis, Py using the equatiori(1).

the training set is updated as if nothing was known ¢ Constraint length (Q): We experimented with
aboutC. For example, the experimental setups for @ ={2,3,4,5}.

which C was the best constructor are updated with We chose these settings, because we believe that

the second best constructors for them. Thus, we etitey represent a space of quite practical scenarios,



the size of which is small enough, so that the TABLE |
experiments can be carried out in a timely manner. ACCURACY OF PREDICTING THE BEST CONSTRUCTORS
In particular, we randomly generated different

configuration space models for each of tB20 Accuracy for  Accuracy for
experimental setup2 (values oft x 4 values ofk _ Classifier Best Time (%) Best Size (%)
x 10 values ofL x 4 values ofQ=320), executed Decision Tree 86 76
all of the 5.covering array constructors described in Multilayer Perceptron 7?;4 634
SectiorL]) in each of these setups, and computed th@jajve Bayesian 84 74
average construction times and covering array sizeRandom Forest 86 90

for every constructor. That is, in total, we executed
the constructor8000 times 20 x 5 x 5) and for

every experimental setup, sorted the constructors By, o, they were within three seconds of each other.

the increasing order of their construction times angimilarly we considered two covering array sizes

covering array sizes. as equal when they were within one configuration
of each other. Furthermore, not all the constructors
B. Test Set : .

scaled up to the whole experimental design space.

We used the training set described above to creéhus, we put a24 hours threshold. That is, if a

ate the best-constructor and second-best-constru@ehstructor failed to create a covering array for a
models. To evaluate the proposed approach, @iven experimental setup withii hours, we killed
the other hand, we created a test set by usiog the constructor and marked the setup.

different randomly chosert values betweer0 14 train the prediction models, we experimented
and 200. Note that thek values selected for the ity five different classification algorithms, namely
test set are not necessarily the same as the OfSiision Trees [[21], Support Vector Machines
used in the training set. For eaéh the coverage (SVMs) [22], Multilayer Perceptrond [23], Naive

strengtht, the constraint lengtl), and the level Bayesian [[24], and Random Forests|[25]. In par-

of constraints L are also determined randomlyyi- lar. we used WEKA 3.8.11126] to create the
such that they stay between the minimum and ”}ﬁ'edic’tion models.

maximum values of the features used in training. Al the experiments were carried out on a 20-
That is, the evaluation of the proposed approacfz)re (2 sockets) Intel Xeon E5-2680 v2 2.80 GHz
was performed by using previously unseen data. V& chine with 256 GB of RAM running. 64-bit
created5 different configuration space models forCentos 6.5 operating system '
each of these setups. ' '

For each experimental setup in the test set, we
used all the constructors to generate covering arrays ey aluation Eramework

for 5 configuration space models and computed the

average of recorded the actual construction timeSTo evaluate the success of the proposed approach’
and the actual covering array sizes. For evaluationge computed the accuracy of correctly predicting
we compared the actual best constructors with thee best constructor for reducing the construction
predicted best constructors (Sectibn 1V-D). Th@me and for reducing the covering array size,
training and test sets used in this work can be foungkparately, for all the setups in the test set. We
atTODO. also repeated the the same analysis by using the
second-best-constructor models. That is, for each
setup in the test set, we predicted the best and the

Not all the differences between the covering arragecond best constructors and computed the accuracy
constructors were meaningful in practice. Theresf the actual best constructor being one of these two
fore, we considered two construction times as equptedictions.

C. Operational Model


T

TABLE Il
STATISTICS ABOUT THE DIFFERENCES BETWEEN THE
ACTUAL AND THE PREDICTED VALUES BY THE

TABLE IlI
STATISTICS ABOUT THE BESFCONSTRUCTOR AND THE
SECOND-TO-BEST CONSTRUCTOR MODELS

BEST-CONSTRUCTOR MODEL

Avg. Max.
Avg. Max. Accuracy (%) Difference Difference
Difference  Difference Time 94 6.58 307.1
Time (in secs.) 22.7 678 Size 98 0.16 7.8
Size (in configs.) 4.43 920

] We then used both the best-constructor and the

E. Data and Analysis second-best-constructor models to make two predic-

Table[] presents the accuracy of correctly preions, rather than one, as described in Secf{ionsli!I-B
dicting best constructors for reducing constructioandIll=Q. TabldTll presents the results we obtained.
times (second column) and covering array sizeBhe accuracies were improved from 86% to 94% (a
(third column) by using the best-constructor modweighted F-measure 0£88) for predicting the best
els obtained from different classification algorithmgonstructors for reducing the construction times and
(first column). Although, almost all the classifi-from 90% to 98% (a weighted F-measure(0$8)
cation algorithms performed fairly well, the besfor predicting the best constructors for reducing the
performer was Random Forest with the an accuracyvering array sizes. Furthermore, the average and
of 86% (a weighted F-measure 6f78) and 90% the maximum differences were dropped;t68 and
(a weighted F-measure 0£90) for predicting the 307.1 seconds and t6.16 and 7.8 configurations,
best constructor for reducing the construction timagspectively, further emphasizing the success of the
and the covering array sizes, respectively. The fproposed approach.
measures were computed by giving equal impor-
tance to precision and recall. Consequently, we use
only Random Forest-based prediction models in the All empirical studies suffer from the threats to
remainder of the analysis. their internal and external validity. For this work, we

Table[dl, furthermore, presents the average andere primarily concerned with threats to external
the maximum differences in the construction timesgalidity since they limit our ability to generalize
(in seconds) and in the covering array sizes (ithe results of our experiment to industrial practice.
number of configurations) between the predicted A potential threat is the representativeness of the
and the actual best constructors. The lower thenfiguration space models used in the experiments.
differences, the better the predictions are. They weYe plan to repeat the experiments by using a larger
22.7 and678 seconds for the construction times andange of values fort, k, |Q| (thus L), and Q.
4.43 and 90 configurations for the covering arrayHowever, we believe that the training set we used
sizes, respectively. in this work, represents a space of quite practical

To demonstrate that these results are not ksgenarios, which is based on our experience with
chance, we generater)0 random predictions for highly configurable systems. We, furthermore, sys-
each setup in the test set and computed the sateenatically varied the coverage strength, the number
metrics. The average and the maximum difference$ configuration options, the level of constraints,
turned out to be639.7 and 14569.4 seconds for and the length of the constraints.
the construction times andls.4 and 112 config- A related concern is that we used a full-factorial
urations for the covering array sizes, respectivelgesign as our training set. As a future work, we
Furthermore, the worst-case average and maximystan to use screening designs1[20] to improve the
differences were2084.4 and 26137.9 seconds for efficiency of the proposed approach. This highly
the construction times arith.4 and 130.3 configu- economical class of designs can be used to de-
rations for the covering array sizes, respectively. termine a small number of factors that affect the

V. THREATS TOVALIDITY



construction times and/or the covering array sizemnd cons. That is, the best constructor to use gener-
the most and then the prediction models can taly depends on the specific application scenario.
constructed by using these factors. To improve both the efficiency and effectiveness
Another potential threat is that we used onlpf covering arrays, we, in this work, presented a
five covering array constructors. However, they arelassification-based approach to predict the “best”
all well-known and frequently-used covering arragovering array constructor to use for a given con-
constructors. Further justifications for using therfiguration space model, coverage strength, and op-

can be found in Sectidnlll. timization criterion. We then empirically evaluated
the proposed approach by using a relatively small,
VI. RELATED WORK yet quite realistic space of application scenarios.

The covering array construction algorithms cadhe approach predicted the best constructors for
be classified into four main groups: greedy alréducing the construction times with an accuracy
gorithms, metaheuristic search-based algorithn@f 86% and the best constructors for reducing the
mathematical methods, and random search-bage@vering array sizes with an accuracy 90%. When
methods|[[2]. two predictions were made, rather than one, the

Greedy algorithms [27]/ 28] construct Coverin@ccuracies increased to 94% and 98%, respectively.
arrays by iteratively choosing the “best” configu- As future work, we plan to expand our covering
ration at every iteration, which covers the “maxarray constructor database by adding new covering
imum” number of previously uncovered t-tuples@rray constructors[[39] and train the prediction
Metaheuristic search-based approaches, such as Ripdels by using a larger training set. We also plan
climbing [29], great flood[[30], and simulated ant0 make the prediction models publicly available.
nealing [31], [32] start from an array of configu-
rations and iteratively apply a set of alterations to
the array until all the valid t-tuples are covered. This research was supported by the Scientific
One good thing about these approaches is thatd Technological Research Council of Turkey
they employ mechanisms to avoid getting stucll13E546).
with local optima as much as possible. Random
search has also been used for constructing covering
arrays [38]. These techniques randomly select validt] D. M. Cohen, S. R. Dalal, M. L. Fredman, and G. C.
configurations from the configuration space until the ~ Patton. "The aetg system: An approach fo testing based

. . . . on combinatorial design,"Software Engineering, IEEE
selected configurations constitutes a covering array. Transactions onvol. 23, no. 7, pp. 437-444, 1997.
In addition, several mathematical approaches [34]}2] C. Nie and H. Leung, “A survey of combinatorial testing,”

[35] have been proposed for computing covering 55" Computing Surveys (CSURJol. 43, no. 2, p. 11,

arrays. [3] G.Rothermel, S. Elbaum, A. G. Malishevsky, P. Kallakuri
Constraint handling is a problem extensively and X. Qiu, “On test suite composition and cost-effective

. . . L . . regression testing,ACM Transactions on Software Engi-
studied in combinatorial interaction testing. Bryce neering and Methodology (TOSEMyol. 13, no. 3, pp.

et al. [36] present an approach for handling “soft  277-331. 2004.
constraints.” Hinc et al.[[37] propose a techniquel4] C. Yimaz, M. B. Cohen, A. Porteet al, “Covering arrays

. “ s for efficient fault characterization in complex configura-
for handlmg hard constraints”. Cohen et dL[38] tion spaces,Software Engineering, IEEE Transactions, on

demonstrates that not handling constraints often o 32, no. 1, pp. 20-34, 2006.

leads to wasted testing resources. [5] M. F. Johansen, @. Haugen, and F. Fleurey, “An algorithm
for generating t-wise covering arrays from large feature

models,” inProceedings of the 16th International Software
VIl. CONCLUDING REMARKS AND FUTURE Product Line Conference-Volume 1ACM, 2012, pp. 46—

WORK 55.

. . [6] X.Yuan, M. B. Cohen, and A. M. Memon, “Gui interaction
Many covering array constructors exist. However, testing: Incorporating event contextZEE Transactions on

each constructor typically comes with its own pros  Software Engineeringvol. 37, no. 4, pp. 559-574, 2011.

VIII. ACKNOWLEDGMENTS

REFERENCES



[7]

(8]

9]

(10]

(11]

[12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

[20]

[21]

(22]

(23]

Y. Lei, R. H. Carver, R. Kacker, and D. Kung, “A combi-
natorial testing strategy for concurrent progran&gftware
Testing, Verification and Reliabilityol. 17, no. 4, pp. 207—
225, 2007.

B. Stevens and E. Mendelsohn, “Efficient software tegtin
protocols,” in Proceedings of the 1998 conference of the
Centre for Advanced Studies on Collaborative researcP[25]
IBM Press, 1998, p. 22.

D. R. Kuhn, R. Bryce, F. Duan, L. S. Ghandehari, Y. Lei,
and R. N. Kacker, “Chapter one-combinatorial testing:
Theory and practice, Advances in Computersol. 99, pp. [26]
1-66, 2015.

B. J. Garvin, M. B. Cohen, and M. B. Dwyer, “An
improved meta-heuristic search for constrained intevacti [27]
testing,” in Search Based Software Engineering, 2009 1st
International Symposium on IEEE, 2009, pp. 13-22.

L. Yu, Y. Lei, R. N. Kacker, and D. R. Kuhn, “Acts: A
combinatorial test generation tool,” iBoftware Testing, [28]
Verification and Validation (ICST), 2013 IEEE Sixth In-
ternational Conference on IEEE, 2013, pp. 370-375.

B. Jenkins, ‘“jenny: A pairwise testing tool,”
http://www.burtleburtle.net/bob/index.html, 2005. [29]
J. Czerwonka. Pairwise testing in the real world: Acatt
extensions to test-case scenarios. [Online]. Available:
http://msdn.microsoft.com/en-us/library/cc15061pxas

J. Lin, C. Luo, S. Cai, K. Su, D. Hao, and L. Zhang,[30]
“Tca: An efficient two-mode meta-heuristic algorithm for
combinatorial test generation (t),” iAutomated Software
Engineering (ASE), 2015 30th IEEE/ACM International
Conference on |EEE, 2015, pp. 494-505.

B. Stevens, “Transversal covers and packings,” Phi®. d
sertation, University of Toronto, 1998.

Y. Lei, R. Kacker, D. R. Kuhn, V. Okun, and J. Lawrence,[32]
“Ipog: A general strategy for t-way software testing,” in
14th Annual IEEE Int. Conf. and Workshops on the Eng.
of Computer-Based Systems (ECBS'OTEEE, 2007, pp. 133]
549-556.

M. Forbes, J. Lawrence, Y. Lei, R. N. Kacker, and D. R.
Kuhn, “Refining the in-parameter-order strategy for CoN34]
structing covering arrays,Journal of Research of the
National Institute of Standards and Technolpgpl. 113,
no. 5, p. 287, 2008.

K. J. Nurmela, “Upper bounds for covering arrays by tabu
search,"Discrete applied mathematicsol. 138, no. 1, pp.
143-152, 2004.

L. Yu, F. Duan, Y. Lei, R. N. Kacker, and D. R. Kuhn, [36]
“Combinatorial test generation for software product lines
using minimum invalid tuples,” itdigh-Assurance Systems
Engineering (HASE), 2014 IEEE 15th International Sym-
posium on |EEE, 2014, pp. 65-72. [37]
L. Eriksson, E. Johansson, N. Kettaneh-Wold, C. Wik-
strom, and S. Wold, “Design of experiment&tinciples

and applications pp. 172-174, 2000. [38]
S. L. Salzberg, “C4. 5: Programs for machine learning by

j. ross quinlan. morgan kaufmann publishers, inc., 1993,
Machine Learningvol. 16, no. 3, pp. 235-240, 1994.

C. Cortes and V. Vapnik, “Support-vector networkdfa-
chine learning vol. 20, no. 3, pp. 273-297, 1995.

D. E. Rumelhart, G. E. Hinton, and R. J. Williams, “Learn

[24]

(31]

[39]

ing internal representations by error propagation,” DTIC
Document, Tech. Rep., 1985.

A. McCallum, K. Nigamet al, “A comparison of event
models for naive bayes text classification,” AAAI-98
workshop on learning for text categorizationol. 752.
Citeseer, 1998, pp. 41-48.

T. K. Ho, “The random subspace method for constructing
decision forests,"IEEE transactions on pattern analysis
and machine intelligengevol. 20, no. 8, pp. 832-844,
1998.

I. H. Witten, E. Frank, M. A. Hall, and C. J. PaData
Mining: Practical machine learning tools and techniques
Morgan Kaufmann, 2016.

J. Czerwonka, “Pairwise testing in the real world: Pizd
extensions to test-case scenarios,Pioceedings of 24th
Pacific Northwest Software Quality Conference, Citeseer
2006, pp. 419-430.

Y. Lei, R. Kacker, D. R. Kuhn, V. Okun, and J. Lawrence,
“Ipog/ipog-d: efficient test generation for multi-way com-
binatorial testing,”Software Testing, Verification and Reli-
ability, vol. 18, no. 3, pp. 125-148, 2008.

M. B. Cohen, P. B. Gibbons, W. B. Mugridge, and C. J.
Colbourn, “Constructing test suites for interaction tegfi

in Software Engineering, 2003. Proceedings. 25th Interna-
tional Conference on IEEE, 2003, pp. 38—48.

R. C. Bryce and C. J. Colbourn, “One-test-at-a-timertseu
tic search for interaction test suites,” Proceedings of
the 9th annual conference on Genetic and evolutionary
computation ACM, 2007, pp. 1082-1089.

M. B. Cohen, C. J. Colbourn, and A. C. Ling, “Augmenting
simulated annealing to build interaction test suites,” in
Software Reliability Engineering, 2003. ISSRE 2003. 14th
International Symposium on IEEE, 2003, pp. 394-405.

J. Torres-Jimenez and E. Rodriguez-Tello, “New bounds
for binary covering arrays using simulated annealing,”
Information Sciencesvol. 185, no. 1, pp. 137-152, 2012.
M. Harman, “The current state and future of search based
software engineering,” ir2007 Future of Software Engi-
neering |EEE Computer Society, 2007, pp. 342-357.

A. Hartman, “Software and hardware testing using cembi
natorial covering suites,” ittraph Theory, Combinatorics
and Algorithms Springer, 2005, pp. 237-266.

35] A. W. Williams and R. L. Probert, “Formulation of the

interaction test coverage problem as an integer program,”
in Testing of Communicating Systems XISpringer, 2002,

pp. 283-298.

R. C. Bryce and C. J. Colbourn, “Prioritized interac-
tion testing for pair-wise coverage with seeding and con-
straints,” Information and Software Technolqgyol. 48,

no. 10, pp. 960-970, 2006.

B. Hnich, S. D. Prestwich, E. Selensky, and B. M. Smith,
“Constraint models for the covering test problengon-
straints vol. 11, no. 2-3, pp. 199-219, 2006.

M. B. Cohen, M. B. Dwyer, and J. Shi, “Constructing
interaction test suites for highly-configurable systems in
the presence of constraints: A greedy approaBoftware
Engineering, IEEE Transactions pwol. 34, no. 5, pp. 633—
650, 2008.

J. Czerwonka, “Pairwise testing: Available
http://www.pairwise.org/tools.asp.

tools,”


http://www.burtleburtle.net/bob/index.html
http://msdn.microsoft.com/en-us/library/cc150619.aspx
http://www.pairwise.org/tools.asp

	Introduction
	Background
	Approach
	Features
	Training Phase
	Deployment Phase

	Experiments
	Training Set
	Test Set
	Operational Model
	Evaluation Framework
	Data and Analysis

	Threats to Validity
	Related Work
	Concluding Remarks and Future Work
	Acknowledgments
	References

