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Abstract

A feature model is a compact representation of the products of a software product line. The automated extraction of
information from feature models is a thriving topic involving numerous analysis operations, techniques and tools. Per-
formance evaluation in this domain typically relies on the use of randomly generated feature models. However, these
only provide a rough idea of the behaviour of the tools with average problems and do not reveal their real strengths and
weaknesses. In this article, we propose to model the problem of finding computationally hard feature models as an
optimisation problem and we solve it using a novel evolutionary algorithm for optimised feature models (ETHOM).
Given a tool and an analysis operation, ETHOM generates input models of a predefined size maximising aspects such
as the execution time or the memory consumption of the tool when performing the operation over the model. This
allows users and developers to know the performance of tools in pessimistic cases providing a better idea of their real
power and revealing performance bugs. Experiments using ETHOM successfully identified models producing much
longer executions times and higher memory consumption than those obtained with randomly generated models of
identical or even larger size.

Keywords: Search-based testing, software product lines, evolutionary algorithms, feature models, performance
testing, automated analysis.

1. Introduction 16 The automated extraction of information from feature
17 models (a.k.a automated analysis of feature models) is
1 a thriving topic that has received much attention in the
19 last two decades [10]. Typical analysis operations allow
20 us to know whether a feature model is consistent (i.e.
21 it represents at least one product), the number of prod-
22 ucts represented by a feature model, or whether a model
23 contains any errors. Catalogues with up to 30 anal-
2« ysis operations on feature models have been reported
> [10]. Techniques that perform these operations are typ-
26 1ically based on propositional logic [6, 45], constraint
27 programming [9, 76], or description logic [70]. Also,
2s these analysis capabilities can be found in several com-
. ) X 2 mercial and open source tools including AHEAD Tool
ucts of an SPL in terms of fea.ture.s and relationships w  Suite [3], Big Lever Software Gears [15], FaMa Frame-
amongst them (see the example in Fig. 1). st work [19], Feature Model Plug-in [20], pure::variants
e [53] and SPLOT [43].

Software Product Line (SPL) engineering is a sys-
tematic reuse strategy for developing families of re-
lated software systems [16]. The emphasis is on de-
riving products from a common set of reusable assets
and, in doing so, reducing production costs and time—
to—market. The products of an SPL are defined in terms
of features where a feature is any increment in prod-
uct functionality [6]. An SPL captures the commonal-
ities (i.e. common features) and variabilities (i.e. vari-
ant features) of the systems that belong to the product
line. This is commonly done by using a so-called fea-
ture model. A feature model [32] represents the prod-
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10, 51, 62]. Also, recent publications reflect an in-
creasing interest in evaluating and comparing the perfor-
mance of techniques and tools for the analysis of feature
models [4, 25, 26, 31, 45, 39, 50, 51, 52, 55, 64, 71].
One of the main challenges when performing experi-
ments is finding tough problems that show the strengths
and weaknesses of the tools under evaluation in ex-
treme situations, e.g. those producing longest execu-
tion times. Feature models from real domains are by far
the most appealing input problems. Unfortunately, al-
though there are references to real feature models with
hundreds or even thousands of features [7, 37, 66], only
portions of them are usually available. This lack of
hard realistic feature models has led authors to eval-
uate their tools with large randomly generated feature
models of 5,000 [46, 76], 10,000 [23, 45, 67, 74] and
up to 20,000 [47] features. In fact, the size of the fea-
ture models used in experiments has been increasing,
suggesting that authors are looking for complex prob-
lems on which to evaluate their tools [10]. More re-
cently, some authors have suggested looking for hard
and realistic feature models in the open source commu-
nity [13, 21, 49, 61, 62]. For instance, She et al. [62]
extracted a feature model containing more than 5,000
features from the Linux kernel.

The problem of generating test data to evaluate the
performance of software systems has been largely stud-
ied in the field of software testing. In this context,
researchers realised long ago that random values are
not effective in revealing the vulnerabilities of a sys-
tem under test. As pointed out by McMinn [42]: “ran-
dom methods are unreliable and unlikely to exercise
‘deeper’ features of software that are not exercised by
mere chance”. In this context, metaheuristic search
techniques have proved to be a promising solution for
the automated generation of test data for both functional
[42] and non—functional properties [2]. Metaheuristic
search techniques are frameworks which use heuristics
to find solutions to hard problems at an affordable com-
putational cost. Examples of metaheuristic techniques
include evolutionary algorithms, hill climbing, and sim-
ulated annealing [69]. For the generation of test data,
these strategies translate the test criterion into an ob-
jective function (also called a fitness function) that is
used to evaluate and compare the candidate solutions
with respect to the overall search goal. Using this in-
formation, the search is guided toward promising ar-
eas of the search space. Wegener et al. [72, 73] were
one of the first to propose the use of evolutionary al-
gorithms to verify the time constraints of software back
in 1996. In their work, the authors used genetic algo-
rithms to find input combinations that violate the time
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constraints of real-time systems, that is, those inputs
producing an output too early or too late. Their exper-
imental results showed that evolutionary algorithms are
much more effective than random search in finding in-
put combinations maximising or minimising execution
times. Since then, a number of authors have followed
their steps using metaheuristics and especially evolu-
tionary algorithms for testing non—functional properties
such as execution time, quality of service, security, us-
ability or safety [2, 42].

Problem description. Current performance evalu-
ations on the analysis of feature models are mainly
carried out using randomly generated feature models.
However, these only provide a rough idea of the aver-
age performance of tools and do not reveal their specific
weak points. Thus, the SPL community lacks mech-
anisms that take analysis tools to their limits and re-
veal their real potential in terms of performance. This
problem has negative implications for both tool users
and developers. On the one hand, tool developers have
no means of performing exhaustive evaluations of the
strengths and weaknesses of their tools making it hard
to find faults affecting their performance. On the other
hand, users are not provided with full information about
the performance of tools in pessimistic cases and this
makes it difficult for them to choose the tool that best
meets their needs. Hence, for instance, a user could
choose a tool based on its average performance and later
realise that it performs very badly in particular cases that
appear frequently in their application domain.

In this article, we address the problem of generating
computationally hard feature models as a means to re-
veal the performance strengths and weaknesses of fea-
ture model analysis tools. The problem of generating
hard feature models has traditionally been addressed
by the SPL community by simply randomly generating
huge feature models with thousands of features and con-
straints. That is, it is generally observed and assumed
that the larger the model the harder its analysis. How-
ever, we remark that these models are still randomly
generated and therefore, as warned by software testing
experts, they are not sufficient to exercise the specific
features of a tool under evaluation. Another negative
consequence of using huge feature models to evaluate
the performance of tools is that they frequently fall out
of the scope of their users. Hence, both developers and
users would probably be more interested in knowing
whether a tool may crash with a hard model of small
or medium size.

Finally, we may mention that using realistic or stan-
dard collections of problems (i.e. benchmarks) is
equally insufficient for an exhaustive performance eval-
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uation since they do not consider the specific aspects
of a tool or technique under test. Thus, feature mod-
els that one tool finds hard to analyse could be trivially
processed by another and vice versa.

Solution overview and contributions. In this article,
we propose to model the problem of finding computa-
tionally hard feature models as an optimisation prob-
lem and we solve it using a novel Evolutionary algo-
riTHm for Optimised feature Models (ETHOM). Given
a tool and an analysis operation, ETHOM generates in-
put models of a predefined size maximising aspects such
as the execution time or the memory consumed by the
tool when performing the operation over the model. For
the evaluation of our approach, we performed several
experiments using different analysis operations, tools
and optimisation criteria. In particular, we used FaMa
and SPLOT, two tools for the automated analysis of fea-
ture models developed and maintained by independent
laboratories. In total, we performed over 50 million
executions of analysis operations for the configuration
and evaluation of our algorithm, during more than six
months of work. The results showed how ETHOM suc-
cessfully identified input models causing much longer
executions times and higher memory consumption than
randomly generated models of identical or even larger
size. As an example, we compared the effectiveness
of random and evolutionary search in generating fea-
ture models with up to 1,000 features maximising the
time required by a constraint programming solver (a.k.a.
CSP solver) to check their consistency. The results re-
vealed that the hardest randomly generated model found
required 0.2 seconds to analyse while ETHOM was able
to find several models taking between 1 and 27.5 min-
utes to process. Besides this, we found that the hard-
est feature models generated by ETHOM in the range
500-1,000 features were remarkably harder to process
than randomly generated models with 10,000 features.
More importantly, we found that the hard feature mod-
els generated by ETHOM had similar properties to re-
alistic models found in the literature. This suggests that
the long execution times and high memory consumption
detected by ETHOM might be reproduced when using
real models with the consequent negative effect on the
user.

Our work enhances and complements the current
state of the art on performance evaluation of feature
model analysis tools as follows:

o To the best of our knowledge, this is the first ap-
proach that uses a search—based strategy to exploit
the internal weaknesses of the analysis tools and
techniques under evaluation rather than trying to
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detect them by chance using randomly generated
models.

o Our work allows developers to focus on the search
for computationally hard models of realistic size
that could reveal performance problems in their
tools rather than using huge feature models out of
their scope. If a tool performs poorly with the gen-
erated models, developers could use the informa-
tion as input to investigate possible improvements.

e Our approach provides users with helpful infor-
mation about the behaviour of tools in pessimistic
cases helping them to choose the tool that best
meets their needs.

o Our algorithm is highly generic and can be applied
to any automated operation on feature models in
which the quality (i.e. fitness) of models with re-
spect to an optimisation criterion can be quantified.

o Our experimental results show that the hardness of
feature models depends on different factors in con-
trast to related work in which the complexity of the
models is mainly associated with their size.

o QOur algorithm is ready-to-use and publicly avail-
able as a part of the open-source BeTTy Frame-
work [14, 58].

Scope of the contribution. The target audience of
this article is practitioners and researchers wanting to
evaluate and test the performance of their tools that
analyse feature models. Several aspects regarding the
scope of our contribution may be clarified, namely:

e Our work follows a black-box approach. That
is, our algorithm does not make any assumptions
about an analysis tool and operation under test.
ETHOM can therefore be applied to any tool or
analysis operation regardless of how it is imple-
mented.

o Our approach focuses on testing, not debugging.
That is, our work contributes to the detection of
performance failures (unexpected behaviour in the
software) but not faults (causes of the unexpected
behaviour). Once a failure is detected using the
test data generated by ETHOM, a tool’s develop-
ers and designers should use debugging to identify
the fault causing it, e.g. bad variable ordering, bad
problem encoding, parsing problems, etc.

o It is noteworthy that many different factors could
contribute to a technique finding it hard to analyse
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a given feature model, some of them not directly
related to the analysis algorithm used. Examples
including: bad variable ordering, bad problem en-
coding, parsing problems, bad heuristic selection,
etc. However, as previously mentioned, the prob-
lem of identifying the factors that make a feature
model hard to analyse when using a specific tool is
out of the scope of this article.

The rest of the article is structured as follows. Sec-
tion 2 introduces feature models and evolutionary algo-
rithms. In Section 3, we present ETHOM, an evolu-
tionary algorithm for the generation of optimised fea-
ture models. Then, in Section 4, we propose a specific
configuration of ETHOM to automate the generation
of computationally hard feature models. The empiri-
cal evaluation of our approach is presented in Section
5. Section 6 presents the threats to validity of our work.
Related work is described in Section 7. Finally, we sum-
marise our conclusions and describe our future work in
Section 8.

2. Preliminaries

2.1. Feature models and their analyses

Feature models define the valid combinations of fea-
tures in a domain and are commonly used as a compact
representations of all the products of an SPL. A feature
model is visually represented as a tree-like structure in
which nodes represent features and connections illus-
trate the relationships between them. These relation-
ships constrain the way in which features can be com-
bined. Fig. 1 depicts a simplified sample feature model.
The model illustrates how features are used to specify
and build software for Global Position System (GPS)
devices. The software loaded in the GPS is determined
by the features that it supports. The root feature (i.e.
‘GPS’) identifies the SPL.

Feature models were first introduced in 1990 as a
part of the FODA (Feature—Oriented Domain Analysis)
method [32]. Since then, feature modelling has been
widely adopted by the software product line community
and a number of extensions have been proposed in at-
tempts to improve properties such as succinctness and
naturalness [56]. Nevertheless, there seems to be a con-
sensus that at a minimum feature models should be able
to represent the following relationships among features:

e Mandatory. If a child feature is mandatory, it is
included in all products in which its parent feature
appears. In Fig. 1, all GPS devices must provide
support for Routing.
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o Optional. If a child feature is defined as optional,
it can be optionally included in products in which
its parent feature appears. For instance, the sample
model defines Multimedia to be an optional fea-
ture.

o Alternative. Child features are defined as alter-
native if only one feature can be selected when
the parent feature is part of the product. In our
SPL, software for GPS devices must provide sup-
port for either an LCD or Touch screen but only one
of them.

e Or-Relation. Child features are said to have an
or-relation with their parent when one or more of
them can be included in the products in which the
parent feature appears. In our example, GPS de-
vices can provide support for an MP3 player, a
Photo viewer or both of them.

Notice that a child feature can only appear in a prod-
uct if its parent feature does. The root feature is a part
of all the products within the SPL. In addition to the
parental relationships between features, a feature model
can also contain cross-tree constraints between features.
These are typically of the form:

e Requires. If a feature A requires a feature B, the
inclusion of A in a product implies the inclusion of
B in the product. GPS devices with Traffic avoid-
ing require Auto-rerouting.

o Excludes. If a feature A excludes a feature B, both
features cannot be part of the same product. In our
sample SPL, a GPS with Touch screen cannot in-
clude a Keyboard and vice-versa.

The automated analysis of feature models deals with
the computer-aided extraction of information from fea-
ture models. It has been noted that in the order of 30 dif-
ferent analysis operations on feature models have been
reported during the last two decades [10]. The analy-
sis of feature models is usually performed in two steps.
First, the analysis problem is translated into an interme-
diate problem such as a boolean satisfiability problem
(SAT) or a Constraint Satisfaction Problem (CSP). SAT
problems are often modelled using Binary Decision Di-
agrams (BDD). Then, an off-the-shelf solver is used to
analyse the problem. Most analysis problems related to
feature models are NP-hard [7, 51]. However, solvers
provide heuristics that work well in practice. Experi-
ments have shown that each technique has its strengths
and weaknesses. For instance, SAT solvers are efficient
when checking the consistency of a feature model but
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Figure 1: A sample feature model

incapable of calculating the number of products in a
reasonable amount of time [11, 45, 51]. BDD solvers
are the most efficient solution known for calculating the
number of products but at the price of high memory con-
sumption [11, 46, 51]. Finally, CSP solvers are espe-
cially suitable for dealing with numeric constraints as-
sociated with feature models with attributes (so-called
extended feature models) [9].

2.2. Evolutionary algorithms

The principles of biological evolution have inspired
the development of a whole branch of optimisation tech-
niques called Evolutionary Algorithms (EAs). These al-
gorithms manage a set of candidate solutions to an opti-
misation problem that are combined and modified itera-
tively to obtain better solutions. Each candidate solution
is referred to as an individual or chromosome in analogy
to the evolution of species in biological genetics where
the DNA of individuals is combined and modified along
generations enhancing the species through natural se-
lection. Two of the main properties of EAs are that they
are heuristic and stochastic. The former means that an
EA is not guaranteed to obtain the global optimum for
the optimisation problem. The latter means that differ-
ent executions of the algorithm with the same input pa-
rameters can produce different output, i.e. they are not
deterministic. Despite this, EAs are among the most
widely used optimisation techniques and have been ap-
plied successfully in nearly all scientific and engineer-
ing areas by thousands of practitioners. This success is
due to the ability of EAs to obtain near optimal solu-
tions to extremely hard optimisation problems with af-
fordable time and resources.

As an example, let us consider the design of a car as
an optimisation problem. A similar example was used
to illustrate the working of EAs in [73]. Let us suppose
that our goal is to find a car design that maximises
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Figure 2: General working scheme of evolutionary algorithms

speed. This problem is hard since a car is a highly
complex system in which speed depends on a number
of parameters such as engine type and the shape of the
car. Moreover, there are likely to be extra constraints
like keeping the cost of the car under a certain value,
making some designs infeasible. All EA variants are
based on a common working scheme shown in Fig. 2.
Next, we describe its main steps and relate them to our
example.

Initialisation. The initial population (i.e. set of
candidate solutions to the problem) is usually generated
randomly. In our example, this could be done by
randomly choosing a set of values for the design
parameters of the car. Of course, it is unlikely that
this initial population with contain an optimal or



385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

near optimal car design. However, promising val-
ues found at this step will be used to produce variants
along the optimisation process leading to better designs.

Evaluation. Next, individuals are evaluated using a
fitness function. A fitness function is a function that
receives an individual as input and returns a numerical
value indicating the quality of the individual. This
enables the objective comparison of candidate solutions
with respect to an optimisation problem. The fitness
function should be deterministic to avoid interferences
in the algorithm, i.e. different calls to the function with
the same set of parameters should produce the same
output. In our car example, a simulator could be used
to provide the maximum speed prediction as fitness.

Stopping criterion. Iterations of the remaining steps
of the algorithm are performed until a termination cri-
terion is met. Typical stopping criteria are: reaching a
maximum or average fitness value, maximum execution
times of the fitness function, number of iterations of
the loop (so-called generations) or number of iterations
without improvements on the best individual found.

Encoding. In order to create offspring, an individual
needs to be encoded (represented) in a form that facili-
tates its manipulation during the rest of the algorithm.
In biological genetics, DNA encodes an individual’s
characteristics on chromosomes that are used in re-
production and whose modifications produce mutants.
Classical encoding mechanisms for EAs include the
use of binary vectors that encode numerical values in
genetic algorithms (so-called binary encoding) and tree
structures that encode the abstract syntax of programs
in genetic programming (so-called tree encoding)
[1, 54]. In our car example, this step would require
design patterns of cars to be expressed using a data
structure, e.g. binary vectors for each design parameter.

Selection. In the main loop of the algorithm (see Fig.
2), individuals are selected from the current population
in order to create new offspring. In this process, better
individuals usually have a greater probability of being
selected, with this resembling natural evolution where
stronger individuals are more likely to reproduce. For
instance, two classic selection mechanisms are roulette
wheel and tournament selection [1]. When using the
former, the probability of choosing an individual is
proportional to its fitness and this can be seen as deter-
mining the width of the slice of a hypothetical spinning
roulette wheel. This mechanism is often modified
by assigning probabilities based on the position of
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Figure 3: Sample crossover and mutation in the search of an optimal
car design.

the individuals in a fitness—ordered ranking (so-called
rank-based roulette wheel). When using tournament
selection, a group of n individuals is randomly chosen
from the population and a winning individual is selected
according to its fitness.

Crossover. These are the techniques used to combine
individuals and produce new individuals in an analo-
gous way to biological reproduction. The crossover
mechanism used depends on the encoding scheme but
there are a number of widely-used mechanisms [1].
For instance, two classical crossover mechanisms for
binary encoding are one-point crossover and uniform
crossover. When using the former, a location in the
vector is randomly chosen as the break point and
portions of vectors after the break point are exchanged
to produce offspring (see Fig. 5 for a graphical example
of this crossover mechanism). When using uniform
crossover, the value of each vector element is taken
from one parent or other with a certain probability,
usually 50%. Fig. 3(a) shows an illustrative application
of crossover in our example of car design. An FI1
car and a small family car are combined by crossover
producing a sports car. The new vehicle has some
design parameters inherited directly from each parent
such as number of seats or engine type and others
mixed such as shape and intermediate size.

Mutation. At this step, random changes are applied to
the individuals. Changes are performed with a certain
probability where small modifications are more likely
than larger ones. Mutation plays the important role
of preventing the algorithm from getting stuck prema-
turely at a locally optimal solution. An example of
mutation in our car optimisation problem is presented
in Fig. 3(b). The shape of a family car is changed
by adding a back spoiler while the rest of its design
parameters remain intact.
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Decoding. In order to evaluate the fitness of new
and modified individuals decoding is performed.
For instance, in our car design example, data stored
on data structures is transformed into a suitable car
design that our fitness function can evaluate. It often
happens that the changes performed in the crossover
and mutation steps create individuals that are not valid
designs or break a constraint, this is usually referred
to as an infeasible individual, e.g. a car with three
wheels. Once an infeasible individual is detected, this
can be either replaced by an extra correct one or it
can be repaired, i.e. slightly changed to make it feasible.

Survival. Finally, individuals are evaluated and the next
population is formed in which individuals with better
fitness values are more likely to remain in the popula-
tion. This process simulates the natural selection of the
better adapted individuals that survive and generate off-
spring, thus improving a species.

3. ETHOM: an Evolutionary algoriTHm for Opti-
mized feature Models

In this section, we present ETHOM, a novel evo-
lutionary algorithm for the generation of optimised
feature models. The algorithm takes several constraints
and a fitness function as input and returns a feature
model of the given size maximising the optimisation
criterion defined by the function. A key benefit of our
algorithm is that it is very generic and so is applicable
to any automated operation on feature models in which
the quality (i.e. fitness) of the models can be measured
quantitatively. In the following, we describe the basic
steps of ETHOM as shown in Fig. 2.

Initial population. The initial population is generated
randomly according to the size constraints received
as input. The current version of ETHOM allows the
user to specify the number of features, percentage of
cross-tree constraints and maximum branching factor of
the feature model to be generated. Several algorithms
for the random generation of feature models have been
proposed in the literature [57, 67, 78]. There are also
tools such as BeTTy [14, 58] and SPLOT [43, 65] that
support the random generation of feature models.

Evaluation. Feature models are evaluated according
to the fitness function received as input obtaining a
numeric value that represents the quality of a candidate
solution, i.e. its fitness.
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Figure 4: Encoding of a feature model in ETHOM

Encoding. For the representation of feature models as
individuals (a.k.a. chromosomes) we propose using a
custom encoding. Generic encodings for evolutionary
algorithms were ruled out since these either were not
suitable for tree structures (i.e. binary encoding) or
were not able to produce solutions of a fixed size (e.g.
tree encoding), a key requirement in our approach. Fig.
4 depicts an example of our encoding. As illustrated,
each model is represented by means of two arrays,
one storing information about the tree and another one
containing information about Cross-Tree Constraints
(CTC). The order of each feature in the array corre-
sponds to the Depth—First Traversal (DFT) order of
the tree. Hence, a feature labelled with ‘0’ in the tree
is stored in the first position of the array, the feature
labelled with ‘I’ is stored the second position and so
on. Each feature in the tree array is defined by a pair
< PR,C > where PR is the type of relationship with
its parent feature (M: Mandatory, Op: Optional, Or:
Or-relationship, Alt: Alternative) and C is the number
of children of the given feature. As an example, the
first position in the tree array, < Op,2 >, indicates that
the feature labelled with ‘0’ in the tree has an optional
relationship with its parent feature and has two child
features (those labelled with ‘/” and ‘3’). Analogously,
each position in the CTC array stores information about
one constraint in the form < 7C, O, D > where TC is
the type of constraint (R: Requires, E: Excludes) and
O and D are the indexes of the origin and destination
features in the tree array respectively.

Selection. Selection strategies are generic and can
be applied regardless of how the individuals are
represented. In our algorithm, we implemented both
rank-based roulette-wheel and binary tournament
selection strategies. The selection of one or the other
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Figure 5: Example of one-point crossover in ETHOM

mainly depends on the application domain.

Crossover. We provided our algorithm with two
different crossover techniques, one-point and uniform
crossover. Fig. 5 depicts an example of the application
of one-point crossover in ETHOM. The process starts
by selecting two parent chromosomes to be combined.
For each array in the chromosomes, the tree and
CTC arrays, a random point is chosen (the so-called
crossover point). Finally, the offspring is created by
copying the contents of the arrays from the beginning
to the crossover point from one parent and the rest from
the other one. Notice that the characteristics of our
encoding guarantee a fixed size for the individuals in
terms of features and CTCs.

Mutation. Mutation operators must be specifically de-
signed for the type of encoding used. ETHOM uses four
different types of custom mutation operators, namely:

e Operator 1. This randomly changes the type
of a relationship in the tree array, e.g. from
mandatory,< M, 3 >, to optional,< Op, 3 >.

e Operator 2. This randomly changes the number of
children of a feature in the tree, e.g. from < M, 3 >
to < M,5 >. The new number of children is in the
range [0, BF] where BF is the maximum branching
factor indicated as input.

e Operator 3. This changes the type of a cross-tree
constraint in the CTC array, e.g. from excludes
<E,3,6 > torequires < R, 3,6 >.

e Operator 4. This randomly changes (with equal
probability) the origin or destination feature of a
constraint in the CTC array, e.g. from < E,3,6 >
to < E,1,6 >. The implementation of this ensures
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that the origin and destination features are differ-
ent.

These operators are applied randomly with the same
probability.

Decoding. At this stage, the array-based chromosomes
are translated back into feature models so that they
can be evaluated. In ETHOM, we identified three
types of patterns making a chromosome infeasible or
semantically redundant, namely: i) those encoding set
relationships (or- and alternative) with a single child
feature (e.g. Fig. 6(a)), ii) those containing cross-tree
constraints between features with parental relationship
(e.g. Fig. 6(b)), and iii) those containing features linked
by contradictory or redundant cross-tree constraints
(e.g. Fig. 6(c)). The specific approach used to address
infeasible individuals, replacing or repairing (see
Section 2.2 for details), mainly depends on the problem
and it is ultimately up to the user. In our work, we used
a repairing strategy described in the next section.

8 P e
B] [B] L LTB] [AR-8]
(a) (b)

Inconsistency

Repair

(d) (e) (®)

Figure 6: Examples of infeasible individuals and repairs

Survival. Finally, the next population is created by
including all the new offspring plus those individuals



618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

from the previous generation that were selected for
crossover but did not generate descendants.

For a pseudo-code listing of the algorithm we refer
the reader to [59].

4. Automated generation of hard feature models

In this section we propose a method that models the
problem of finding computationally hard feature mod-
els as an optimisation problem and explain how this is
solved using ETHOM. In order to find a suitable con-
figuration of ETHOM, we performed numerous execu-
tions of a sample optimisation problem evaluating dif-
ferent combination of values for the key parameters of
the algorithm, presented in Table 1. The optimisation
problem was to find a feature model maximising the
execution time taken by the analysis tool when check-
ing model consistency, i.e. whether it represents at least
one product. We chose this analysis operation because
it is currently the most frequently quoted in the litera-
ture [10]. In particular, we searched for feature models
of different size maximising execution time in the CSP
solver JaCoP [29] integrated into the framework for the
analysis of feature models FaMa [19]. Next, we clarify
the main aspects of the configuration of ETHOM:

o Initial population. We used a Java program im-
plementing the algorithm for the random genera-
tion of feature models described by Thiim et al.
[67]. For a detailed description of the generation
approach, we refer the reader to [59].

¢ Fitness function. Our first attempt was to mea-
sure the time (in milliseconds) taken by FaMa to
perform the operation. However, we found that
the result of the function was significantly affected
by the system load and was not deterministic. To
solve this problem, we decided to measure the fit-
ness of a feature model as the number of back-
tracks produced by the analysis tool during its anal-
ysis. A backtrack represents a partial candidate so-
lution to a problem that is discarded because it can-
not be extended to a full valid solution [68]. In con-
trast to the execution time, most CSP backtracking
heuristics are deterministic, i.e. different execu-
tions of the tool with the same input produce the
same number of backtracks. Together with execu-
tion time, the number of backtracks is commonly
used to measure the complexity of constraint satis-
faction problems [68]. Thus, we can assume that
the higher the number of backtracks the longer the
computation time.
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o Infeasible individuals. We evaluated the effec-
tiveness of both replacement and repair techniques.
More specifically, we evaluated the following re-
pair algorithm applied to infeasible individuals: i)
isolated set relationships are converted into op-
tional relationships (e.g. the model in Fig. 6(a) is
changed as in Fig. 6(d)), ii) cross-tree constraints
between features with parental relationships are re-
moved (e.g. the model in Fig. 6(b) is changed as in
Fig. 6(e)), and iii) two features cannot be linked by
more than one cross-tree constraint (e.g. the model
in Fig. 6(c) is changed as in Fig. 6(f)).

e Stopping criterion. There is no means of decid-
ing when an optimum input has been found and
ETHOM should be stopped [73]. For the config-
uration of ETHOM, we decided to allow the al-
gorithm to continue for a given number of execu-
tions of the fitness function (i.e. maximum number
of generations) taking the largest number of back-
tracks obtained as the optimum, i.e. the solution to
the problem.

Table 1 depicts the values evaluated for each config-
uration parameter of ETHOM. These values were based
on related work using evolutionary algorithms [23], the
literature on parameter setting [18], and our previous
experience in this domain [48]. Each combination of
parameters used was executed 10 times to avoid hetero-
geneous results and to allow us to perform statistical
analysis on the data. The values underlined are those
that provided better results and were therefore selected
for the final configuration of ETHOM. In total, we per-
formed over 40 million executions of the objective func-
tion to find a good setup for our algorithm.

Parameter Values evaluated and selected

Selection strategy
Crossover strategy

Roulette-wheel, 2-Tournament
One-point, Uniform

Crossover probability 0.7,0.8,0.9
Mutation probability 0.005, 0.0075, 0.02
Size initial population 50, 100, 200
#Executions fitness function 2000, 5000

Infeasible individuals Replacing, Repairing

Table 1: ETHOM configuration

5. Evaluation

In order to evaluate our approach, we developed a
prototype implementation of ETHOM. The prototype
was implemented in Java to facilitate its integration into
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the BeTTy Framework [14, 58], an open-source Java
tool for functional and performance testing of tools that
analyse feature models'.

We evaluated the efficacy of our approach by compar-
ing it to random search since this is the usual approach
for performance testing in the analysis of feature mod-
els. In particular, the evaluation of our evolutionary pro-
gram was performed through a number of experiments.
In each experiment, we compared the effectiveness of
a random generator and ETHOM when searching for
feature models maximising properties such as the exe-
cution time or memory consumption required for their
analysis. Additionally, we performed some extra exper-
iments studying the characteristics of the hard feature
models generated and the behaviour of ETHOM when
allowed to run for a large number of generations. The
setup and results of our experiments as well as the statis-
tical analysis of the data are summarised in this section
and fully reported in an external technical report due
to space limitations [59]. The experimental work and
the statistical analysis of the results took more than six
months and involved several people.

All the experiments were performed on a cluster of
four virtual machines equipped with an Intel Core 2
CPU 6400@2.13GHz running Centos OS 5.5 and Java
1.6.0-20 on 1400 MB of dedicated memory. These vir-
tual machines ran on a cloud of servers equipped with
Intel Core 2 CPU 6400@2.13Ghz and 4GB of RAM
memory managed using Opennebula 2.0.1.

5.1. Experiment #1: Maximizing execution time in a
CSP solver

This experiment evaluated the ability of ETHOM
to search for input feature models maximising the
analysis time of a solver. In particular, we measured the
execution time required by a CSP solver to determine
whether the input model was consistent (i.e. it repre-
sents at least one product). This was the problem used
to tune the configuration of our algorithm. Again, we
chose the consistency operation because currently it is
the most frequently mentioned in the literature. Next,
we present the setup and results of our experiment.

Experimental setup. This experiment was performed
through a number of iterative steps. In each step, we
randomly generated 5,000 feature models and checked
their consistency, saving the maximum fitness obtained.
Then, we executed ETHOM and allowed it to run for
the same number of executions of the fitness function

'BeTTY was used because it was developed by the authors
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(5,000) and compared the results. Recall that the size
of the population in our algorithm was set to 200
individuals which meant that the maximum number
of generations was 25, i.e. 5,000/200. This process
was repeated with different model sizes to evaluate the
scalability of our algorithm. In particular, we generated
models with different combinations of features, {200,
400, 600, 800, 1,000} and percentage of constraints
(with respect to the number of features), {10%, 20%,
30%, 40%}. The maximum branching factor was set
to 10 in all the experiments. For each model size,
we repeated the process 25 times to get averages and
performed statistical analysis on the data. In total, we
performed about 5 million executions® of the fitness
function for this experiment. The fitness was set to
be the number of backtracks used by the analysis tool
when checking the model consistency. For the analysis,
we used the solver JaCoP integrated into FaMa v1.0
with the default heuristics MostConstrainedDynamic
for the selection of variables and IndomainMin for the
selection of values from the domains. To prevent the
experiment from getting stuck, a maximum timeout of
30 minutes was used for the execution of the fitness
function in both the random and evolutionary search. If
this timeout was exceeded during random generation,
the execution was cancelled and a new iteration was
started. If the timeout was exceeded during evolution-
ary search, the best solution found until that moment
was returned, i.e. the instance exceeding the timeout
was discarded. After all the executions, we measured
the execution time of the hardest feature models found
for a full comparison, i.e. those producing a larger
number of backtracks. More specifically, we executed
each returned solution 10 times to get average execution
times.

Analysis of results. Fig. 7 depicts the effectiveness of
ETHOM for each size range of the feature models gen-
erated. We define the effectiveness of our evolutionary
program as the percentage of times (out of 25) in which
ETHOM found a better optimum than random search,
i.e. a higher number of backtracks. As illustrated, the
effectiveness of ETHOM was over 80% in most of the
size ranges, reaching 96% or higher in nine of them.
Overall, our evolutionary program found harder feature
models than those generated randomly in 85.8% of the
executions. We may remark that our algorithm revealed
the lowest effectiveness with those models containing
10% of cross-tree constraints. We found that this was

25 features ranges X 4 constraints ranges x 25 iterations x 10,000
(5,000 random search + 5,000 evolutionary search)
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Figure 7: Effectiveness of ETHOM in Experiment #1.

due to the simplicity of the analysis in this size range.
The number of backtracks produced by these models
was very low, zero in most cases, and thus ETHOM
had problems finding promising individuals that could
evolve towards optimal solutions.

Table 2 depicts the evaluation results for the range of
feature models with 20% of cross-tree constraints. For
each number of features and search technique, random
and evolutionary, the table shows the average and max-
imum fitness obtained (i.e. number of backtracks) as
well as the average and maximum execution times of the
hardest feature models found (in seconds). The effec-
tiveness of the evolutionary program is also presented
in the last column. As illustrated, ETHOM found fea-
ture models producing a number of backtracks larger by
several orders of magnitude than those produced using
randomly generated models. The fitness of the hardest
models generated using our evolutionary approach was
on average over 3,500 times higher than that of ran-
domly generated models (200,668 backtracks against
45.3) and 40,500 times higher in the maximum value
(23.5 million backtracks against 1,279). As expected,
these results were also reflected in the execution times.
On average, the CSP solver took 0.06 seconds to anal-
yse the randomly generated models and 9 seconds to
analyse those generated using ETHOM. The superior-
ity of evolutionary search was remarkable in the maxi-
mum times ranging from the 0.2 seconds for randomly
generated models to the 1,032.2 seconds (17.2 minutes)
taken by the CSP solver to analyse the hardest feature
model generated by ETHOM. Overall, our evolution-
ary approach produced a harder feature model than ran-
dom techniques in 92% of the executions in the range of
20% of constraints. For details regarding the data corre-
sponding to 10%, 30% and 40% of constraints we refer
the reader to [59].
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Table 3 presents a summary of the results. The ta-
ble depicts the maximum execution time taken by the
CSP solver to analyse the hardest models found us-
ing random and evolutionary search. The data shows
that ETHOM found models that led to higher execution
times than those randomly generated and this was the
case for all size ranges. The hardest randomly generated
model required 0.2 seconds to be processed. In contrast,
ETHOM found four models whose analysis required be-
tween 1 and 27.3 minutes (1,644 seconds). We may
remark that ETHOM reached the maximum timeout
of 30 minutes once during the experiment but random
search never produced times over 0.2 seconds. Interest-
ingly, ETHOM was able to find smaller but significantly
harder feature models (e.g. 600-10%, 60 seconds) than
the hardest randomly generated model found which had
800 features, 20% of CTCs and an analysis time of 0.2
seconds. Finally, the results show that ETHOM found
it more difficult to find hard feature models as the per-
centage of cross-tree constraints increased. We remark,
however, that this trend was also observed in the random
search with an average fitness of 45.3 backtracks in the
range of 20% CTC, 16.6 backtracks in the range of 30%
CTC and 9.1 backtracks in the range of 40% CTC. We
conclude, therefore, that these results are caused by the
CSP solver and the heuristic used which provide a better
performance when the models have a high percentage of
constraints.

Fig. 8 compares random and evolutionary techniques
for the search for a feature model maximising the num-
ber of backtracks in two sample executions. Horizon-
tally, the graphs show the number of generations where
each generation represents 200 executions of the fitness
function. Fig. 8(a) shows that random search reaches
its maximum number of backtracks after only 5 gen-
erations (about 1000 executions). That is, the random
generation of 4,000 other models does not produce any
higher number of backtracks and therefore is useless. In
contrast to this, ETHOM shows a continuous improve-
ment. After 13 generations (about 2600 executions),
the fitness found by evolutionary search is above that of
the maximum for the randomly generated models. Fig.
8(b) depicts another example in which random search
is ‘lucky’ and finds an instance with a high number of
backtracks in the 14th generation. Evolutionary optimi-
sation, however, once again manages to improve the ex-
ecution times continuously overcoming the best fitness
produced using random search after 22 generations. We
might note that a significant leap of about 200 back-
tracks can also be observed in generation 23. In both
examples, the curve suggests that ETHOM would find
even better solutions if the number of generations was



889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

Random Search ETHOM
#Features Avg Fitness Max Fitness Avg Time Max Time Avg Fitness Max Fitness Avg Time Max Time Effect. (%)
200 8.08 61 0.02 0.03 63.4 215 0.04 0.06 96
400 30.1 389 0.04 0.07 7,128.4 106,655 0.24 2.93 88
600 40.3 477 0.05 0.09 9,188.2 116,479 0.70 7.98 92
800 91.1 1,279 0.08 0.20 22,427.6 483,971 1.28 24.6 88
1000 57.2 582 0.10 0.13 964,532.6 23,598,675 425 1,032.2 96
Total 453 1,279 0.06 0.20 200,668 23,598,675 8.96 1,032.2 92

Table 2: Evaluation results on the generation of feature models maximising execution time in a CSP solver. Fitness measured in number of

backtracks. Time in seconds. CTC=20%

10% CTC 20% CTC 30% CTC 40% CTC
#Features Random ETHOM Random ETHOM Random ETHOM Random ETHOM
200 0.04 0.06 0.03 0.06 0.04 0.17 0.04 0.08
400 0.05 0.33 0.07 2.93 0.04 0.61 0.08 0.13
600 0.10 59.9 0.09 7.98 0.06 6.62 0.07 4.09
800 0.09 280.4 0.20 24.6 0.10 13.9 0.09 0.52
1,000 0.12 1,643.9 0.13 1,032.2 0.12 1.62 0.10 0.27
Max 0.12 1,643.9 0.20 1,032.2 0.12 139 0.10 4.09

Table 3: Maximum execution times produced by random and evolutionary search. Time in seconds.

increased. This was confirmed in a later experiment in
which the program was allowed to run for up to 125
generations (25,000 executions of the fitness function)
finding feature models producing more than 77.6 mil-
lion backtracks (see Section 5.3 for details).

5.2. Experiment #2: Maximizing memory consumption
in a BDD solver

This experiment evaluated the ability of ETHOM to
generate input feature models maximising the memory
consumption of a solver. In particular, we measured the
memory consumed by a BDD solver when determining
the number of products represented by the model. We
chose this analysis because it is one of the hardest
operations in terms of complexity and it is the second
most frequently quoted operation in the literature [10].
We decided to use a BDD-based reasoner for this
experiment since it has proved to be the most efficient
option to perform this operation in terms of time
[10, 51]. A Binary Decision Diagram (BDD) solver is
a software package that takes a propositional formula
as input and translates it into a graph representation
(the BDD itself) that provides efficient algorithms for
counting the number of possible solutions. The number
of nodes of the BDD is a key aspect since it determines
the consumption of memory and can be exponential
in the worst case [46]. Next, we present the setup and
results of our experiment.
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Experimental setup. The experiment consisted of a
number of iterative steps. At each step, we randomly
generated 5,000 models and compiled each of them
into a BDD for use in counting the number of solutions
of the input feature model. We then executed ETHOM
and allowed it to run for 5,000 executions of the fitness
function (i.e. 25 generations) searching for feature
models maximising the size of the BDD. Again, this
process was repeated with different combinations of
features, {50, 100, 150, 200, 250} and percentages of
constraints, {10%, 20%, 30%]} to evaluate the scalability
of our approach. For each model size, we repeated
the process 25 times to get statistics from the data.
In total, we performed about 3.5 million executions
of the fitness function for this experiment. We may
remark that we generated smaller feature models than
those presented in the previous experiment in order to
reduce BDD building time and make the experiment
affordable. Measuring memory usage in Java is difficult
and computationally expensive since memory profilers
usually add a significant overload to the system. To
simplify the fitness function, we decided to measure the
fitness of a model as the number of nodes of the BDD
representing it. This is a natural option used in the
research community to compare the space complexity
of BDD tools and heuristics [46]. For the analysis,
we used the solver JavaBDD [30] integrated into the
feature model analysis tool SPLOT [43]. We chose
SPLOT for this experiment because it integrates highly
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Figure 8: Comparison of randomly generated models and ETHOM for the search of the highest number of backtracks

efficient ordering heuristics specifically designed for the
analysis of feature models using BDDs. In particular,
we used the heuristic ‘Pre-CL-MinSpan’ presented by
Mendonca et al. in [46]. For a detailed description of
the configuration of the solver we refer the reader to
[59]. As in our previous experiment, we set a maximum
timeout of 30 minutes for the fitness function to prevent
the experiment from getting stuck. We measured the
compilation and execution time of the hardest feature
models found to allow a more detailed comparison.
Each optimal solution was compiled and executed 10
times to get average times.

Analysis of results. Fig. 9 depicts the effectiveness of
ETHOM for each size range of the feature models gen-
erated, i.e. percentage of times (out of 25) in which evo-
lutionary search found feature models producing higher
memory consumption than randomly generated mod-
els. As illustrated, the effectiveness of ETHOM was
over 96% in most cases, reaching 100% in 10 out of
the 15 size ranges. The lowest percentages were regis-
tered in the range of 250 features. When analysing the
results, we found that the timeout of 30 minutes was
reached frequently in the range of 250 features hinder-
ing ETHOM from evolving toward promising solutions.
In other words, the feature models generated were so
hard that they often took more than 30 minutes to anal-
yse and were discarded. In fact, the maximum time-
out was reached 18 times during random generation and
62 times during evolutionary search, 25 of them in the
range of 250 features and 30% of constraints. In this
size range, ETHOM exceeded the timeout after only 7
generations on average (25 being the maximum). Over-
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Figure 9: Effectiveness of ETHOM in Experiment #2.

creasing the maximum timeout would significantly im-
prove the effectiveness.

Table 4 depicts the number of BDD nodes of the hard-
est feature models found using random and evolution-
ary search. For each size range, the table also shows
the computation time (BDD building time + execution
time) taken by SPLOT to analyse the model. As il-
lustrated, ETHOM found higher maximum values than
random techniques in all size ranges. On average, the
BDD size found by our evolutionary approach was be-
tween 1.03 and 10.3 times higher than those obtained
with random search. The largest BDD generated in ran-
dom search had 14.8 million nodes while the largest
BDD obtained using ETHOM had 20.6 million nodes.
Again, the results revealed that ETHOM was able to
find smaller but harder models (e.g. 150-30%, 17.7 mil-
lion nodes) than the hardest randomly generated model
found, 250-30% 14.8 million nodes. We may recall that
the maximum timeout was reached 62 times during the
execution of ETHOM. This result suggests that the max-
imum found by evolutionary search would have been
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10% CTC 20% CTC 30% CTC
Random ETHOM Random ETHOM Random ETHOM
#Features BDDsize Time BDD Size Time BDD Size Time BDD Size Time BDD Size Time BDD Size Time
50 687 0.02 1,579 0.01 2,067 0.00 6,892 0.01 4,233 0.01 20,481 0.02
100 7,947 0.04 22,608 0.03 44,560 0.03 240,941 0.24 128,970 0.14 989,046 2.19
150 52,641 0.04 176,466 0.15 477,174 1.52 4,872,868 3.50 808,881 7.07 17,719,021 67.7
200 294,534 0.20 1,126,682 1.18 2,829,486 326 17,447,587  68.8 10,098,279  170.9 17,634,083  452.7
250 2,327,128 1.10 8,806,065 41.1 10,812,118 116.2 20,680,364 898.3 14,878,606  929.7 17,680,923  960.8
Max 2,327,128 1.10 8,806,065 41.1 10,812,118 116.2 20,680,364 898.3 14,878,606 929.7 17,719,021 960.8

Table 4: BDD size and computation time of the hardest feature models found using random and evolutionary search. Time in seconds.

much higher if we had not limited the time to make the
experiment affordable. As expected, the superiority of
ETHOM was also observed in the computation times re-
quired by each model. This suggests that our approach
can also deal with optimisation criteria involving com-
pilation and execution time in BDD solvers.

Fig. 10 shows the frequency with which each fitness
value was found during the search. The data presented
corresponds to the hardest feature models generated in
the range of 50 features and 10% of cross-tree con-
straints. We chose this size range because it produced
the smallest BDD sizes and facilitated the representa-
tion of the results using a common scale. For randomly
generated models (Fig. 10(a)), a narrow curve is ob-
tained with more than 99% of the executions produc-
ing fitness values under 310 BDD nodes. During evolu-
tionary execution (Fig. 10(b)), however, a wider curve
is obtained with 40% of the executions producing val-
ues over 310 nodes. Both histograms clearly show that
ETHOM performed a more exhaustive search in a larger
portion of the solution space than random search. This
trend was also observed in the other size ranges.

5.3. Additional results and discussion

We performed some extra experiments reported in an
external technical report due to space limitations [59].
Among other results, we studied the ability of ETHOM
to generate input models maximising execution time in
a propositional logic-based solver (a.k.a. SAT solver).
The setup and results of this experiment were similar to
those presented in Sections 5.1 and 5.2. The fitness of
each model was measured as the number of decisions
(i.e. steps) taken by the SAT solver when checking
model consistency. In the experiment, our evolution-
ary approach succeeded in finding harder feature mod-
els than those generated randomly in 87.8% of the exe-
cutions. We may remark, however, that the differences
in the execution times obtained using random and evo-
lutionary techniques were relatively small. This finding
supports the results of Mendoca et al. [45] that show
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that checking the consistency of feature models with
simple cross-tree constraints (i.e. those involving three
features or less) using SAT solvers is highly efficient.
We emphasise, however, that SAT solvers are not the
optimum solution for all the analyses that can be per-
formed on a feature model [10, 11, 51]. Previous studies
show that CSP and BDD solvers are often better alter-
natives for certain operations and therefore experiments
with these and others solvers are still necessary.

All the experiments performed suggested that
ETHOM would find even better solutions if allowed to
run longer. To check this, we reproduced Experiments
#1 and #2, increasing the number of generations from
25 to 125. As expected, we found that the results pro-
vided by evolutionary search improved as the number
of generations increased and did not reach a clear peak.
In contrast, the results of random search showed little
or no improvement at all. In the execution with the CSP
solver, ETHOM produced a new maximum fitness of
more than 77 million backtracks (computed in 27.5 min-
utes) while random search found a maximum value of
only 1,603 backtracks (computed in 0.2 seconds). Sim-
ilarly, the maximum fitness produced in our experiment
with BDD and random search was 89,779 nodes, far
from the best fitness obtained by our evolutionary pro-
gram, 22.7 million nodes.

As part of our evaluation, we also studied the char-
acteristics of the hardest feature models generated by
ETHOM for each size range in the experiments with
CSP, SAT and BDD solvers; the results are presented in
Table 5. The data reveals that the models generated have
a fair proportion of all relationships and constraints.
This is interesting since ETHOM was free to remove
any type of relationship or constraint from the model
if this helped to make it harder, but this did not hap-
pen in our experiments. Recall that the only constraints
imposed by our algorithm are those regarding the num-
ber of features, number of constraints and maximum
branching factor. Another piece of evidence is that dif-
ferences between the minimum and maximum percent-
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Figure 10: Histograms with the distribution of fitness values for random and evolutionary techniques when searching for a feature model maximiz-

ing the size of the BDD.

ages of each modelling element are small. More impor-
tantly, the average percentages found are very similar to
those of feature models found in the literature. In [61],
She et al. studied the characteristics of 32 published fea-
ture models and reported that they contain, on average,
25% of mandatory features (between 17.1% and 27.9%
in our models), 44% of set subfeatures® (between 37%
and 46.3% in our models), 16% of set relationships4
(between 13.8% and 16.1% in our models), 6% of or-
relationships (between 7% and 8.9% in our models) and
9% of alternative relationships (between 6.7% and 7.2%
in our study). As a result, we conclude that the models
generated by our algorithm are by no means unrealistic.
On the contrary, in the context of our study, they are a
fair reflection of the realistic models found in the liter-
ature. This suggests that the long execution times and
high memory consumption found by ETHOM might be
reproduced when using real models with the consequent
negative effect on the user.

Regarding the consistency of the models, the results
are heterogeneous. On the one hand, we analysed all
the models generated using ETHOM in our experiment
with CSP and found that most of them are inconsis-
tent (92.8%). That is, only 7.2% of the generated mod-
els represent at least one valid product. On the other
hand, we found that 100% of the models generated us-
ing ETHOM in our experiments with SAT and BDD are
consistent. This suggests that the consistency of the in-
put models affects strongly but quite differently the per-
formance of each solver. Also, it shows the ability of
our algorithm to guide the search for hard feature mod-
els regardless of their consistency.

3Subfeatures in alternative an or-relationships
4 Alternative and or-relationships

1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143

1144

15

Our experimental results revealed that ETHOM is
able to find smaller but much harder feature models
than those found using random search. We also com-
pared the results obtained in our experiments with the
execution times and memory consumption produced by
large randomly generated models. More specifically,
we randomly generated 100 feature models with 10,000
features and 20% of CTCs and recorded the execution
times taken by the CSP solver JaCoP to check their con-
sistency. The results revealed an average execution time
of 7.5 seconds and a maximum time of 8.1 seconds’,
far from the 27 minutes required by the hardest fea-
ture models found by ETHOM for 500-1000 features.
Similarly, we generated 100 randomly generated fea-
ture models with 500 features and 10% of CTCs and
recorded the size of the BDD generated when counting
the number of products using the JavaBDD solver. The
results revealed an average BDD size of 913,640 nodes
and a maximum size of 17.2 million nodes, far from the
22 millions of BDD nodes reached by ETHOM in the
range of 100 features [59]. These results clearly show
the potential of ETHOM to find hard feature models of
realistic size that are likely to reveal deficiencies in anal-
ysis tools rather than using large randomly generated
models.

In another experiment, we checked whether the hard
feature models generated by ETHOM were also hard for
other tools and heuristics. In particular, we first checked
whether the hardest feature models found in Experiment
#1 using a CSP solver were also hard when using a SAT
solver. The results showed, as expected, that all models

SMost of the time was taken by the translation from the feature
model to a constraint satisfaction problem while the analysis itself
was trivial. In fact, the maximum number of backtracks generated
was 7.
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CSP Solver SAT Solver BDD Solver
Modelling element Min Avg Max Min Avg Max Min Avg Max
% relative to no. of features
Mandatory 253 279 310 200 251 28.0 100 17.1 248
Optional 27.5 349 450 305 369 440 18.0 357 465
Set subfeatures 29.0 37.0 415 31.0 378 455 345 463 62.0
Set relationships 11.0 141 160 120 138 153 133 16.1 20.0
-Or 5.5 7.0 9.0 5.5 7.1 8.3 6.0 89 120
- Alternative 5.5 7.1 8.5 4.0 6.7 8.8 33 7.2 100
% relative to no. of constraints
Requires 313 475 566 41.1 519 684 31.0 485 643
Excludes 434 525 68.7 31.6 481 589 357 515 69.0

Table 5: Properties of the hardest feature models found in our experiments.

were trivially analysed in a few seconds. Then, we re- 112
peated the analysis of the hardest feature models found 11ss
in Experiment #1 using the other seven heuristics avail- 11s
able in the CSP solver JaCoP. The results revealed that 11es
the hardest feature models found in our experiment, us- 11
ing the heuristic MostConstrainedDynamic, were triv- 11s
ially solved by some of the others heuristics. For exam- 11gs
ple, the hardest model in the range of 800 features and 11ss
10% CTC produced 5.3 million backtracks when us-
ing the heuristic MostContrainedDynamic and only 43 11
backtracks when using the heuristic SmallestMin. This 11e
finding clearly shows that feature models that are hard 11s
to analyse by one tool or technique could be trivially 11es
processed by others and vice-versa. Hence, we con- 11
clude that using a standard set of problems, randomly 11s
generated or not, is not sufficient for a full evaluation 11s
of the performance of different tools. Instead, as in 11
our approach, the techniques and tools under evaluation 11
should be exercised to identify their strengths and weak-
nesses providing helpful information for both users and
developers.

The average effectiveness of our approach ranged
from 85.8% to 94.4% in all the experiments. As ex-
pected from an evolutionary algorithm, we found that 1203
these variations in the effectiveness were caused by the 1204
characteristics of the search spaces of each problem.
In particular, ETHOM behaves better when the search 120
space is heterogeneous and there are many different fit-
ness values, i.e. it is easy to compare the quality of 120
the individuals. However, results get worse in homo-
geneous search spaces in which most fitness values are
equal (e.g. Experiment #1, range of 10% of CTCs).
A common strategy to alleviate this problem is to use
a larger population, increasing the chances of the al-
gorithm finding promising individuals during initialisa-
tion. We also found that the maximum timeout of 30
minutes was insufficient in some size ranges (e.g. Ex-
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periment #2, 250 features and 30% CTCs), adversely
affecting the results. Increasing this timeout would have
certainly increased the effectiveness of ETHOM at the
price of making our experiments more time-consuming.

Finally, as a safety check, we tested ETHOM with
different optimisation problems. In particular, we used
problems with a known global maximum where the ef-
ficacy of ETHOM was easier to observe. For instance,
we used ETHOM to search for feature models with
n features and m% of CTCs that represent as many
products as possible, 2" being the maximum. Interest-
ingly, the algorithm progressively removed the relation-
ships constraining the set of products (i.e. mandatory
and alternative), generating models with optional and
or-relationships only. This demonstrates the ability of
ETHOM to change the model if that helps to make it
better for the given problem. This and other examples
are available as a part of the BeTTy testing framework
[14].

5.4. Statistical analysis

Statistical analysis is usually performed by formulat-
ing two contrary hypotheses. The first hypothesis is re-
ferred to as the null hypothesis (Hé) and says that the
algorithm has no impact at all on the goodness of the re-
sults obtained, i.e. there is no difference between the re-
sults obtained by ETHOM and random search. Opposite
to the null hypothesis, an alternative hypothesis (H{) is
formulated, stating that ETHOM has a significant ef-
fect in the quality of the results obtained. Statistical
tests provide a probability (named p-value) ranging in
[0,1]. A low p-value indicates that the null hypothesis is
probably false and the alternative hypothesis is probably
true, i.e. ETHOM works. Alternatively, high p-values
suggest that ETHOM does not work. Researchers have
established by convention that p-values under 0.05 or
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0.01 are so-called statistically significant and are suf-
ficient to reject the null hypothesis, i.e. demonstrate
that ETHOM provides better results that random search.
The statistical analysis described in this section was per-
formed using the SPSS 17 statistical package [28].

The techniques used to perform the statistical analy-
sis and obtain the p-values depend on whether the data
follows a normal frequency distribution or not. After
some preliminary tests (Kolmogorov-Smirnov [35, 63]
and Shapiro-Wilk [60] tests) we concluded that our
data did not follow a normal distribution and thus our
tests required the use of so-called non—parametric tech-
niques. In particular, we applied the Mann-Withney U
non—parametric test [41] to the experimental results ob-
tained with ETHOM and random search. Tables A.6
and A.7 show the results of these tests in SPSS for
Experiments #1 and #2 respectively. For each num-
ber of features and percentage of cross-tree constraints,
the values of the test are provided. As illustrated, the
tests rejected the null hypotheses with extremely low p-
values (zero in most cases) for nearly all experimental
configurations of both experiments. This, coupled with
the results shown in Section 5, clearly shows the su-
periority of our algorithm when compared to random
search. As expected, statistical tests accepted some null
hypotheses in the range of 10% of CTCs in Experiment
#1. As explained in Section 6, this is due to the small
complexity of the analysis on those models which made
the fitness landscape extremely flat. Similarly, the tests
accepted some null hypotheses in the range of 250 fea-
tures and 30% of CTCs in Experiment #2. This was
due to the maximum timeout of 30 minutes used for our
experiments that made our algorithm stop prematurely,
stopping it from evolving toward promising solutions.

For a more detailed explanation of our statistical anal-
ysis of the data we refer the reader to [59].

6. Threats to validity

In order to clearly delineate the limitations of the
experimental study, next we discuss internal and
external validity threats.

Internal validity. This refers to whether there is
sufficient evidence to support the conclusions and
the sources of bias that could compromise those
conclusions.
external factors in our results, ETHOM was executed
25 times for each problem to get averages. Moreover,
statistical tests were performed to ensure significance
of the differences identified. Regarding the random
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creating syntactically incorrect models as follows.
First, we used a publicly available (and previously
used) algorithm for the random generation of feature
models. Second, we performed several checks using
the parser of BeTTy, FaMa and SPLOT to make sure
that the generated models were syntactically correct
and had the desired properties, e.g. a maximum
branching factor. A related risk is the possibility of our
random and evolutionary algorithms having different
expressiveness, e.g. tree patterns that can be generated
with ETHOM but not with our random algorithm. To
minimise this risk, we imposed the same generation
constraints on both our random and evolutionary
generators. More specifically, both generators received
exactly the same input constraints: number of features,
percentage of CTC and maximum branching factor
of the model to be generated. Also, both generators
prohibit the generation of CTCs between features with
parental relation and features linked by more than
one CTC. A related limitation of the current ETHOM
encoding is that it does not allow there to be more than
one set relationship of the same type (e.g. alternative
group) under a parent feature. Hence, for instance,
if two alternative groups are located under the same
feature, these are merged into one during decoding.
We may remark, however, that this only affects the
expressiveness of ETHOM putting it at a disadvantage
against random search. Also, the results do not reveal
any correlation between the number of set relationships
and the hardness of the models which means that this
restriction did not benefit our algorithm. Besides this,
the results show that ETHOM is equally capable of
generating consistent or inconsistent models if that
make them harder for the target solver. Therefore, it
seems unlikely that our algorithm has a tendency to
generate only consistent or inconsistent models.

External validity. This is concerned with how the ex-
periments capture the objectives of the research and the
extent to which the conclusions drawn can be gener-
alised. This can be mainly divided into limitations of
the approach and generalizability of the conclusions.
Regarding the limitations, the experiments showed
no significant improvements when using ETHOM with
problems of low complexity, i.e. feature models with
10% of constraints in Experiment #1. As stated in Sec-
tion 5.1, this limitation is due to the fitness landscape
being relatively flat for simple problems; most fitness
values are zero or close to zero. Another limitation of
the experimental approach is that experiments for ex-
tremely hard feature models become too time consum-
ing, e.g. feature models with 250 features in Experi-
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ment #2. This threat is caused by the nature of the hard
feature models we intend to find, with the analysis of
promising feature models becoming increasingly time
consuming and memory intensive. We may remark,
however, that this limitation is intrinsic to the problem
of looking for hard feature models and thus it equally
affects random search. Finally, we emphasise that in
the worst case ETHOM behaves randomly equalling the
strategies for the generation of hard feature models used
in the current state of the art.

Regarding the generalisation of the conclusions, we
used two different analysis operations and the results
might not generalise further. We remark, however,
that these operations are currently the most frequently
quoted in the literature, have different complexity and,
more importantly, are the basis for the implementation
of many other analysis operations on feature models
[10]. Thus, feature models that are hard to analyse
for these operations would certainly be hard to anal-
yse for those operations that use them as an auxiliary
function making our results extensible to other analy-
ses. Similarly, we only used two analysis tools for the
experiments, FaMa and SPLOT. However, these tools
are developed and maintained by independent labora-
tories providing a sufficient degree of heterogeneity for
our study. Also, the results revealed that a number of
metrics for the generated models (e.g. percentage of
CTCs) were in the ranges observed in realistic models
found in the literature, which supports the realism of the
hard feature models being generated. We may remark,
however, that these models could still contain structures
that are unlikely in real-world models and therefore this
issue requires further research. Finally, our random and
evolutionary generators do not allow two features to be
linked by more than one CTC for simplicity (see Section
4). This implicitly prohibits the generation of cycles of
requires constraints, i.e. A— > B and B— > A. How-
ever, these cycles express equivalence relationships and
seem to appear in real models (e.g. Linux kernel fea-
ture model [49]) which could slightly affect the gener-
alisation of our results. These cycles will be allowed in
future versions of our algorithm.

7. Related work

In this section we discuss related work in the areas of
software product lines and search-based testing.

7.1. Software product lines

A number of authors have used realistic feature mod-
els to evaluate their tools [4, 9, 24, 26, 31, 33, 46,
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45, 50, 51, 55, 64, 67, 70]. By realistic models we
mean those modelling real-world domains or a sim-
plified version of them. Some of the realistic feature
models most quoted in the literature are e-Shop [36]
with 287 features, graph product line [38] with up to
64 features and BerkeleyDB [34] with 55 features. Al-
though there are reports from industry of feature models
with hundreds or even thousands of features [7, 37, 66],
only a portion of them is typically published. This has
led authors to generate feature models automatically
to show the scalability of their approaches with large
problems. These models are generated either randomly
[12, 11,22, 26, 44,47,57,74,75, 76,78, 79] or using a
process that tries to produce models with the properties
of those found in the literature [23, 45, 64, 67]. More re-
cently, some authors have suggested looking for tough
and realistic feature models in the open source commu-
nity [13, 21, 49, 61, 62]. As an example, She et al. [62]
extracted a feature model from the Linux kernel con-
taining more than 5,000 features and compared it with
publicly available realistic feature models.

Regarding the size of the models used for experi-
ments, there is a clear tendency for model size to in-
crease: this ranges from the model with 15 features used
in 2004 [8] to models with up to 10,000 and 20,000 fea-
tures used in recent years [23, 45, 47, 67, 74]. These
findings reflect an increasing interest in using complex
feature models in performance evaluation. This also
suggests that the only mechanism used to increase the
complexity of the models is by increasing size. When
compared to previous work, our approach is the first to
use a search—based strategy to reveal the performance
weaknesses of the tools and techniques under evalua-
tion rather than simply using large randomly generated
models. This allows developers to focus on the search
for tough models of realistic size that could reveal de-
ficiencies in their tools rather than using huge feature
models out of their scope. Similarly, users could have
more information about the expected behaviour of the
tools in pessimistic cases helping them to choose the
tool or technique that best meets their needs.

The application of optimisation algorithms in the
context of software product lines has been explored by
several authors. Guo et al. [23] proposed a genetic al-
gorithm called GAFES for optimised feature selection
in feature models, e.g. selecting the set of features
that minimises the total cost of the product. Sayyad
et al. [55] compared the effectiveness of five multi-
objective optimization algorithms for the selection of
optimised products. Other authors [25, 39, 71] have
proposed algorithms for the selection of test suites (i.e.
set of products) maximising or minimising certain pref-



1419

1420

1421

1422

1423

1424

1425

1426

1427

1428

1429

1430

1431

1432

1433

1434

1435

1436

1437

1438

1439

1440

1441

1442

1443

1444

1445

1446

1447

1448

1449

1450

1451

1452

1453

1454

1455

1456

1457

1458

1459

1460

1461

1462

1463

1464

1465

1466

1467

1468

1469

1470

erences, e.g. feature coverage. Compared to their
work, our approach differs in several aspects. First, our
work addresses a different problem domain, hard fea-
ture model generation. Second, and more importantly,
ETHOM searches for optimum feature models while
related algorithms search for optimum product config-
urations. This means that ETHOM and related algo-
rithms bear no resemblance and face completely differ-
ent challenges. For instance, related algorithms use a
standard binary encoding to represent product configu-
rations while ETHOM uses a custom array encoding to
represent feature models of fixed size.

Pohl et al. [51] presented a performance comparison
of nine CSP, SAT and BDD solvers on the automated
analysis of feature models. As input problems, they
used 90 realistic feature models with up to 287 features
taken from the SPLOT repository [65]. The longest
execution time found in the consistency operation was
23.8 seconds, far from the 27.5 minutes found in our
work. Memory consumption was not evaluated. As part
of their work, the authors tried to find correlations be-
tween the properties of the models and the performance
of the solvers. Among other results, they identified an
exponential runtime increase with the number of fea-
tures in CSP and SAT solvers. This is not supported
by our results, at least not in general, since we found
feature models producing much longer execution times
than larger randomly generated models. Also, the au-
thors mentioned that SAT and CSP solvers provided a
similar performance in their experiment. This was not
observed in our work in which the SAT solver was much
more efficient than the CSP solver, i.e. random and
evolutionary search were unable to find hard problems
for SAT. Overall, we consider that using realistic fea-
ture models is helpful but not sufficient for an exhaus-
tive evaluation of the performance of solvers. In con-
trast, our work provides the community with a limitless
source of motivating problems to explore the strengths
and weaknesses of analysis tools.

In later work, Pohl et al. [52] proposed using width
measures from graph theory to characterise the struc-
tural complexity of feature models as a way to estimate
the difficulty in analysing them. They performed several
experiments running the consistency operation on ran-
domly generated models of up to 1,000 features in nine
state of the art CSP, SAT and BDD solvers. As a result,
for some of the solvers they found a correlation between
one of the metrics and the time taken by the analysis.
When compared to their work, ETHOM uses a black-
box strategy and thus it may be used to find hard input
feature models for any analysis tool or analysis opera-
tion regardless of their implementation details. Further-
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more, ETHOM explores the whole search space of fea-
ture models, not only those with different width prop-
erties, in looking for input problems that increase the
execution times of analysis tools. Having said this, we
think that both works are complementary since ETHOM
generates hard feature models and their approach tries to
determine what makes the models hard to analyse.

During the preparation of this article, we presented a
novel application of ETHOM in the context of reverse
engineering of feature models [40]. More specifically,
we used ETHOM to search for a feature model that rep-
resents a specific set of products provided as input. The
results showed that within a few generations our algo-
rithm was able to find feature models that represent a
superset of the desired products. This contribution sup-
ports our claims about the generalisability of our algo-
rithm showing its applicability to other domains beyond
the analysis of feature models.

Finally, we would like to remark that our approach
does not intend to replace the use of realistic or ran-
domly generated models which can be used to evalu-
ate the average performance of analysis techniques. In-
stead, our work complements previous approaches en-
abling a more exhaustive evaluation of the performance
of analysis tools using hard problems.

7.2. Search-based testing

Regarding related work in search-based testing, We-
gener et al. [72] were the first to use genetic algorithms
to search for input values that produce very long or very
short execution times in the context of real time systems.
In their experiments, they used C programs receiving
hundreds or even thousands of integer parameters. Their
results showed that genetic algorithms obtained more
extreme execution times with equal or less test effort
than random testing. Our approach may be considered a
specific application of the ideas of Wegener and later au-
thors to the domain of feature modelling. In this sense,
our main contribution is the development and configura-
tion of a novel evolutionary algorithm to deal with opti-
misation problems on feature models and its application
to performance testing in this domain.

Many authors continued the work of Wegener et al.
in the application of metaheuristic search techniques to
test non-functional properties such as execution time,
quality of service, security, usability or safety [2]. The
techniques used by the search-based testing community
include, among others, hill climbing, ant colony opti-
misation, tabu search and simulated annealing. In our
approach, we used evolutionary algorithms inspired by
the work of Wegener et al. and their promising results in
a related optimisation problem, i.e. generation of input
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values maximising the execution time in real time sys-
tems. We remark, however, that the use of other meta-
heuristic techniques for the generation of hard feature
models is a promising research topic that requires fur-
ther study.

Genetic Algorithms (GAs) [1] are a subclass of evolu-
tionary algorithms in which solutions are encoded using
bit strings. However, it is difficult to encode the hierar-
chical structure of feature models using this approach
and therefore we discarded their use. Genetic Program-
ming (GP) is another variant of evolutionary algorithms
in which solutions are encoded as trees [54]. This en-
coding is commonly used to represent programs whose
abstract syntax can be naturally represented hierarchi-
cally. Crossover in GP is applied on an individual by
switching one of its branches with another branch from
another individual in the population, i.e. individuals can
have different sizes. We identified several factors that
make GPs unsuitable for our problem. First, the classic
tree encoding does not consider cross-tree constraints as
in feature models. As a result, crossover would proba-
bly generate many dangling edges which may require
costly repairing heuristics. Second, and more impor-
tantly, crossover in GP does not guarantee a fixed size
for the solution which was a key constraint in our work.
These reasons led us to design a custom evolutionary al-
gorithm, ETHOM, supporting the representation of fea-
ture trees of fixed size with cross-tree constraints.

7.3. Performance evaluation of CSP and SAT solvers

CSP and SAT solvers (hereinafter, CP solvers) use
algorithms and techniques of Constraint Programming
(CP) to solve complex problems from domains such as
computer science, artificial intelligence or hardware de-
sign®. The underlying problems of CSP and SAT solvers
are NP-complete and so CSP and SAT solvers have an
exponential worst case runtime. This makes efficiency
a crucial matter for these types of tools. Hence, there
exist a number of available benchmarks to evaluate and
compare the performance of CP solvers [27]. Also, sev-
eral competitions are held every year to rank the per-
formance of the participants’ tools. As an example, 93
solvers took part in the SAT competition’ in 2013.

CP solvers use three main types of problems for per-
formance evaluation: problems from realistic domains
(e.g. hardware design), randomly generated problems
and hard problems. Both randomly generated and hard

6A SAT problem can be regarded a subclass of CSP with only
boolean variables.
"http://wuw.satcompetition.org
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problems are automatically generated and are often
forced to have at least one solution (i.e. be satisfiable).
The CP research community realised long ago that there
are benefits in using hard problems to test the perfor-
mance of their tools. In 1997, Cook and Mitchell [17]
presented a survey on the strategies to find hard SAT
instances proposed so far. In their work, the authors
warned about the importance of generating hard prob-
lems for understanding their complexity and for provid-
ing challenging benchmarks. Since then, many other
contributions have explored the generation of hard SAT
and CSP problems [5, 77].

A common strategy to generate hard CSP and SAT
problems is by exploiting what is known as the phase
transition phenomenon [77]. This phenomenon estab-
lishes that for many NP-complete problems the hardest
instances occur between the region in which most prob-
lems are satisfiable and the region in which most prob-
lems are unsatisfiable. This happens because for these
problems the solver has to explore the search space in
depth before finding out whether the problem is satisfi-
able or not. CSP and SAT solvers can be parametrically
guided to search in the phase transition region enabling
the systematic generation of hard problems. We are not
aware of any work using evolutionary algorithms for the
generation of hard CP problems.

When compared to CP problems, the analysis of fea-
ture models differs in several ways. First, CSP and SAT
are related problems within the constraint programming
paradigm. The analysis of feature models, however, is a
high-level problem usually solved using quite heteroge-
neous approaches such as constraint programming, de-
scription logic, semantic web technologies or ad-hoc al-
gorithms [10]. Also, CP solvers focus on a single anal-
ysis operation (i.e. satisfiability) for which there exist
a number of well known algorithms. In the analysis of
feature models, however, more than 30 analysis opera-
tions have been reported. In this scenario, we believe
that our approach may help the community to generate
hard problems and study their complexity, leading to a
better understanding of the analysis operations and the
performance of analysis tools.

We identified two main advantages in our work when
compared to the systematic generation of hard CP prob-
lems. First, our approach is generic and can be applied
to any tool, algorithm or analysis operation for the au-
tomated treatment of feature models. Second, our algo-
rithm is free to explore the whole search space looking
for input models that reveal performance vulnerabilities.
In contrast, CP related work focuses the search for in-
puts problem in a specific area (the transition phase re-
gion).
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Overall, we conclude that related work in CP support
our approach for the generation of hard feature mod-
els as a way to evaluate the performance strengths and
weakness of feature model analysis tools.

8. Conclusions and future work

In this paper, we presented ETHOM, a novel evo-
lutionary algorithm to solve optimisation problems on
feature models and showed how it can be used for
the automated generation of computationally hard fea-
ture models. Experiments using our evolutionary ap-
proach on different analysis operations and indepen-
dent tools successfully identified input models produc-
ing much longer executions times and higher memory
consumption than randomly generated models of iden-
tical or even larger size. In total, more than 50 mil-
lion executions of analysis operations were performed
to configure and evaluate our approach. This is the
first metaheuristic-based strategy to guide the search for
computationally hard feature models rather than sim-
ply using randomly generated models. This approach
will allow developers to focus on the search for tough
models of realistic size that could reveal deficiencies in
their tools rather than using huge randomly generated
feature models out of the scope of their tools. Simi-
larly, users are provided with more information about
the expected behaviour of the tools in pessimistic cases,
helping them to choose the tool or technique that better
meets their needs. Contrary to general belief, we found
that model size has an important, but not decisive, effect
on performance. Also, we found that the hard feature
models generated by ETHOM had similar properties to
realistic models found in the literature. This means that
the long execution times and high memory consumption
found by our algorithm might be reproduced in real sce-
narios with the consequent negative effect on the user.
In view of the positive results obtained, we expect this
work to be the seed for many other research contribu-
tions exploiting the benefits of ETHOM in particular,
and evolutionary computation in general, on the anal-
ysis of feature models. In particular, we envision two
main research directions to be explored by the commu-
nity in the future, namely:

e Algorithms development. = The combination
of different encodings, selection techniques,
crossover strategies, mutation operators and other
parameters may lead to a whole new variety of evo-
lutionary algorithms for feature models to be ex-
plored. Also, the use of other metaheuristic tech-
niques (e.g. ant colony optimisation) is a promis-
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ing topic that need further study. The develop-
ment of more flexible algorithms would be desir-
able in order to deal with other feature modelling
languages (e.g. cardinality-based feature models)
or stricter structural constraints, e.g. enabling the
generation of hard models with a given percent-
age of mandatory features. Also, the generation of
feature models with complex cross-tree constraints
(those involving more than two features) remains
an open challenge that we intend to address in our
future work.

o Applications. Further applications of our algo-
rithm are still to be explored. Some promising ap-
plications are those dealing with the optimisation
of non—functional properties in other analysis oper-
ations or even different automated treatments, e.g.
refactoring feature models. The application of our
algorithm to minimisation problems is also an open
issue in which we have started to obtain promising
results. Additionally, it would be nice to apply our
approach to verify the time constraints of real time
systems dealing with variability like those of mo-
bile phones or context—aware pervasive systems.
Last, but not least, we plan to study the hard fea-
ture models generated and try to understand what
makes them hard to analyse. From the information
obtained, more refined applications and heuristics
could be developed leading to more efficient tool
support for the analysis of feature models.

A Java implementation of ETHOM is ready-to-use
and publicly available as a part of the open-source
BeTTy Framework [14, 58].

Material

The prototype implementation of ETHOM, hard fea-
ture models generated (in XML format), statistical
results (in SPSS format) and raw experiment data
are available at http://www.lsi.us.es/~segura/
files/material/ESWA13/.
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Appendix A. Statistical analysis results

#Features CTC (%)

10 | 20 | 30 | 40
200 053] 0] 0|0
400 028 0| 0| O
600 036 0| 0|0
800 0 0] 0] O
1000 0121 0| 0| O

Table A.6: p-values obtained in Experiment #1 using the Mann-
Whitney-Wilcoxon test

#Features CTC (%)
10 | 20 | 30
50 0] 0 0
100 0|0 0
150 0] 0 0
200 0] 0 0
250 0] 0 | 085

Table A.7: p-values obtained in Experiment #2 using the Mann-
Whitney-Wilcoxon test
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