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Hyper-Heuristic  
Based Product Selection for  

Software Product Line Testing
I. Introduction

Software Product Line (SPL) is defined as a set of soft-
ware systems that share a common and managed set of 
features satisfying specific needs of a particular market 
segment or domain [1]. The SPL offers a number of 

common artifacts for building products, including mandatory 
and variable elements. SPL approaches have been adopted by 
many software companies1 to ease reuse and reduce time and 
production costs. A feature represents a functionality that is visi-
ble to the user and can be designed as a variability, which rep-
resents a variable functionality that may or may not be present 
in a product. On the other hand, mandatory features are com-
mon to all SPL products. To facilitate feature management, 
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Abstract—The Feature Model (FM) is a fundamental artifact of the Software Product Line (SPL) engineering. It repre-
sents all SPL variabilities and commonalities and is generally used to derive products for SPL testing. However, the testing 
of all products is almost impossible in practice. Therefore, search-based approaches can be found in the literature to select 
the most interesting ones. Among them, the approaches that use Multi-Objective Evolutionary Algorithms (MOEAs) are 
very promising since this selection problem is impacted by many factors. Yet for the tester it is not always easy to choose 
the best algorithm, and to configure parameters and operators to solve the problem. To help in this task, we introduce in 
this paper a Hyper-Heuristic (HH) approach. HHs are methodologies used to select or generate heuristics. Our HH 
approach dynamically selects the best operators, considering four objectives of the problem: the number of products, pair-
wise coverage, mutation score, and dissimilarity of products. The approach is implemented and evaluated with four 
MOEAs: NSGA-II, SPEA2, IBEA, and MOEA/D-DRA, and two selection methods: random and Upper Confidence 
Bound (UCB) based. Evaluation results show that the HH-based NSGA-II algorithm generates the best results. Moreover, 
the UCB method outperforms the random selection on large instances.

most SPL methodologies use the Feature Model (FM) [2] to 
represent all the SPL variabilities and commonalities.

The FM has also been used by many authors to derive soft-
ware products for SPL testing. Ideally, SPL developers should 
validate all products—that is, all feature combinations. However, 
the increasing size and complexity of applications can make 
testing of all products almost impossible in practice. Variability 
and testability is a trade-off [3]. Hence, in the FM-based testing 
of SPLs, the goal is to derive the most representative set of 
products from the FM. In this way, deriving the most interest-
ing products is an optimization problem that has been solved 
efficiently by search-based approaches [4]–[10] in the field 
named Search-Based Software Engineering (SBSE) [11].

We observe that Multi-Objective Evolutionary Algorithms 
(MOEAs) have been successfully applied to solve the product 
selection problem for SPL testing. However, it is a challenge to 
achieve the best performance from these algorithms, within a 
specific domain problem, since it is difficult to configure the 
values of parameters or to select the operators properly. More-

over, the tester is generally not an expert in the optimiza-
tion and MOEA fields. Some authors have suggested the 
use of hyper-heuristics to help in such situations. Burke 
et al. [12] define Hyper-Heuristic (HH) as a methodol-
ogy that automates the design and configuration (tun-
ing) of heuristic algorithms to solve computationally 

hard problems. That is, the HH can be used to automati-
cally determine which operator, at a given moment, should 

be applied to an optimization problem. In the literature, we 
found a few studies that use HHs for solving software engi-
neering problems [13]–[17], but none of them addresses the 
FM-based testing of SPLs. The use of HHs in SBSE is a trend 
and relatively recent subject of research [18].

Considering the aforementioned facts, we explored the use 
of HHs to derive products for SPL testing in two previous 
works [19], [20]. In both, we employed a three-objective for-
mulation and we investigated several Upper Confidence Bound 
(UCB) algorithms by using the Multi-Objective Evolutionary 
Algorithm based on Decomposition with Dynamical Resource 

Allocation (MOEA/D-DRA) and the Non-dominated Sorting 
Genetic Algorithm (NSGA-II): UCB1 (or simple UCB) [21], 
UCB-V [22] and UCB-Tuned [22].

In the present work we summarize the results obtained pre-
viously by using UCB with MOEA/D-DRA [23] and NSGA-
II [24] for the three-objective formulation, and extend the 
studies published before by introducing an HH approach that:
1) uses four objectives, differently from previous studies, we 

also consider the similarity between products. Since a fea-
ture is implemented by some software assets, it is desirable 
that dissimilar products in the solution include different 
sets of features. In this way, different assets can be tested. 
Testing different products can increase the chance of find-
ing unrevealed errors in SPL;

2) is implemented with two other algorithms, named SPEA2-HH 
and IBEA-HH here. Both algorithms (SPEA2 [25] and 
IBEA [26]) have been used in the literature [10] but have 
not been evaluated in our previous studies. Hence four 
HH-based MOEAs are evaluated. We explore different 
classes of MOEAs. The first group is based on the Pareto 
dominance, such as NSGA-II and SPEA2. The second 
group uses a selection criterion based on some perfor-
mance indicators such as hypervolume (HV). An example 
of this group is IBEA which measures the contribution of 
the HV of each solution. Another group is the decompo-
sition-based MOEA (e.g. MOEA/D-DRA) that has per-
formed fairly well for some multi-objective problems; and

3) is deeply evaluated. The four HH-based MOEAs are 
compared. In addition to this, the UCB method is com-
pared with the random selection method. The best algo-
rithms and methods are identified and the best solutions 
are analyzed.

The paper is organized as follows. Section II introduces 
main concepts about HH and FM-based testing of SPLs. Sec-
tion III reviews related work. Section IV introduces the pro-
posed approach, the problem formulation containing a 
population representation and objective functions (fitness) used, 
and implementation aspects. Section V describes how the 
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experimental evaluation was conducted. Section VI presents 
and analyzes the results obtained. Finally, Section VII con-
cludes the paper and discusses the future work.

II. Background
In this section, we review main concepts about our research 
subjects: hyper-heuristics and FM-based testing of SPLs.

A. Hyper-Heuristics
An HH can be defined as a (high-level) methodology for auto-
matic selection or generation of heuristics for solving complex 
problems [12]. It allows the design of flexible solvers using auto-
matic selection and/or generation of heuristic components, 
called Low-Level Heuristics (LLHs). One important difference 
between heuristics and HHs is that the former explore the 
space of solutions while the latter search the space of heuristics.

LLHs can be operators (as mutation and crossover opera-
tors) or meta-heuristics (such as NSGA-II, SPEA2 and so on). 
To select the most suitable LLH, it is necessary to consider its 
recent performance and the selection method that defines 
which LLH should be applied [27]. Regarding performance, a 
reward can be computed by using a credit assignment. This 
one defines how to reward an operator based on its recent 
performance. The selection of an operator is then based on the 
reward information collected during the search process. The 
selection operator is usually based on a probability, Choice 
Function (CF) or Multi-Armed Bandit (MAB)  methods [12].

The most noticeable MAB method is UCB1 (Upper Con-
fidence Bound—UCB), which provides asymptotic optimality 
guarantees [21]. In this method, the op  operator has a quality 
estimate ,qop  and an interval that depends on the number of 
times nop  that it has been applied before. At each time point ,t
the selection is performed according to Equation 1:

 max
ln

q C n
n2

  , ,op K op
op

ii

K

1
1+f=
=e o/

 (1)

where C  is a scaling factor, K  is the number of operators in 
the operator set, and ln  is natural log.

Different versions of UCB algorithms have been proposed 
in the literature. The authors of the Fitness-Rate-Rank (FRR) 
[27] method took UCB1 as a model and replaced the operators 
quality estimator by a rank-based method that uses a Fitness 
Improvement Rate (FIR) method. The common way to com-
pute the FIR values for an operator op  at time point t  is 
shown in Equation 2.

 FIR
pf

pf cf
,

,

, ,
op t

op t

op t op t
=

-  (2)

where pf ,op t  is the fitness value of the parent ,p  and cf ,op t  is the 
fitness value of the offspring .c

The efficiency of an operator may change according to the 
current evolutionary stage of the algorithm and, in order to 
only consider recent FIR information during credit assign-
ment, a Sliding Window (SW) with fixed size is used [27].

In this study, we propose an online HH selection that uses 
the FRR method to derive products for FM-based testing. The 
FIR computation was adapted to work with different MOEAs 
as detailed in Section IV.

B. Feature Based Testing of SPLs
As mentioned before, the FM is the most common model used 
to represent the variabilities and commonalities of an SPL [2]. 
The FM specifies constraints and relationships between the 
SPL features in a tree representation. As an example of the FM 
see Figure 1, which shows an FM for a mobile phone SPL.

In Figure 1, the mandatory features (which must be present 
to derive a product) are represented by Calls and Screen 
features. The optional features (may not be present in a product) 
are represented by GPS and Media features. The “alternative 
group” (only one sub-feature can be selected to compose a prod-
uct) is represented by Basic, Colour and High Resolu-
tion features. The “or group” (more than one feature can be 
selected) is represented by Camera and MP3 features. A requires 
relation exists between Camera and High Resolution fea-
tures. It implies that if a feature A is present in a product ,p  then 
a feature B  should also be present. The excludes relation implies 
that both features cannot be present in the same product, such as 
GPS and Basic.

A product is given by a combination of features and it is a 
software system built by composing the software assets that 
implement each feature. Figure 2 (a) shows an example of a 
valid product that can be derived from the FM in Figure 1. 
This product satisfies all the constraints established in the FM. 
The product in Figure 2 (b) is invalid, because it does not 
include Calls, which is a mandatory feature.

The FM is a compact representation of all the products of an 
SPL and has been largely used by different SPL development 
methodologies, and also to derive products for SPL testing [11]. 
However, the space of possible combinations, in many cases, is 
likely to be enormous, and exhaustive consideration of all com-
binations is infeasible [29]. Thus, in the feature testing, the goal is 
to derive the most representative set of products from the FM. 
In the SPL testing context, a product corresponds to a test data 

Calls Media

Camera MP3

Mobile Phone

GPS Screen

ColourBasic
High

Resolution

OrMandatory

Optional Alternative

Requires

Excludes

Figure 1 FM of a mobile phone SPL (adapted from [28]). 
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to satisfy requirements of a testing criterion. The most popular 
criteria used in the FM-based testing are described next.

1. pairwise testing in the Fm Context
To derive products for the variability testing of SPLs some works 
in the literature are based on combinatorial testing [30]–[33]. 
Pairwise testing is one of the most popular kinds of combinato-
rial testing, therefore, it is also applied in our work. The goal is to 
generate a set of products that include all the valid pairs of fea-
tures from the FM. The number of covered pairs can also be used 
to evaluate the set of products that are generated. As an example, 
consider again the FM in Figure 1. The pair (GPS, Basic) is 
invalid, and should not be required. Considering only the vari-
abilities, we see that the product in Figure 2 (a) includes the 
pair (High Resolution, Camera) and does not include 
the pair (GPS, MP3). To derive the pairs, we use the Combina-
torial tool2 that implements the Automatic Efficient Test Gener-
ator (AETG) algorithm, introduced by Cohen et al. [34].

2. mutation testing in the Fm context
Mutation testing is a fault-based criterion and has been recent-
ly explored in the FM context [35]–[39]. As is the case in the 
conventional mutation testing of programs [40], mutant FMs 
are generated with operators that describe possible faults that 
can be present in the FM. The goal is to generate a product 
that is capable of distinguishing the behavior of the FM being 
tested from its mutants. To this end, the product p  is checked 
by using an FM analyzer. The mutant is considered dead if p  is 
valid according to the original FM and invalid for the mutant, 
or otherwise, p  is invalid for the FM and valid for the mutant. 
When both FMs, original and mutant ones, validate the same 
set of products, they are considered equivalent. At the end, a 
mutation score is calculated, given by the number of dead 
mutants and total of non-equivalent generated mutants. Similar 
to the pairwise coverage, the score can be used to evaluate the 
adequacy of a set of products or to improve an existing one. To 
illustrate this, Figure 3 shows the application of a mutation 

operator in FM in Figure 1. This operator changes a requires 
relation to an excludes one. In this sense, the product in 
 Figure 2 (a) kills the mutant, since it is valid for the original 
FM and is invalid for the mutant. In our work, we used the set 
of mutation operators and the FMTS tool proposed by Ferreira 
et al. [36], which considers FM extensions [41] using UML-like 
multiplicities. FMTS works with the framework Feature Model 
Analyser (FaMa) [42], which is responsible to validate the mod-
els and execute the test data.

III. Related Work
We have observed in the last few years a growing number of 
search-based approaches for different activities of SPL engi-
neering [11], including software testing, as well as a higher 
interest in the application of HHs in Search Based Software 
Engineering (SBSE) [18]. This section reviews works on 
both subjects.

An approach for minimization of test case sets was proposed 
by Wang et al. [7]. They use a Genetic Algorithm (GA) and an 
aggregation function of the following factors: the number of test 
cases, pairwise coverage and capability to reveal faults. The 
authors also address prioritization of test cases [8], by using 
another aggregation function including cost measures, and com-
paring GA with (1+1) EA and random search. Other factors, 
such as execution cost and resources, are also considered in 
another paper of the authors [8]. Ensan et al. [4] also use a simple 
GA with an aggregation function comprised of cost and error 

Original FM Mutant FM

The relationship between features is changed from requires to excludes.

Calls Media

CameraColour
High

Resolution

Applying
the Mutation

Operator

Calls Media

CameraColour
High

Resolution

Screen Screen

Figure 3 Example of a mutant generated for FM in Figure 1.

Screen Calls

Mobile Phone

High
Resolution

Media

Camera

Screen

High
Resolution

Media

Camera

(a) (b)

Mobile Phone

Figure 2 Example of products generated from the FM in Figure 1.  
(a) Valid product. (b) Invalid product.

2http://161.67.140.42/CombTestWeb [34].
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rate factors. The work of Henard et al. [5] also uses a GA with an 
aggregation function to handle the following conflicting objec-
tives in the selection of test products: costs, pairwise coverage, and 
the number of products. A multi-objective and Pareto approach 
is proposed in the work of Lopez-Herrejon et al. [9], which con-
siders pairwise coverage and the size of the test suites.

Mutation testing has been addressed for test data generation 
in the works of Henard et al. [6] and Matnei-Filho and Vergilio 
[10]. The work of Henard et al. [6] considers mutation opera-
tors defined to generate dissimilar products, that is, products 
that include different features. Their approach implements the 
(1+1) EA algorithm in conjunction with a constraint solver to 
check if the products are valid, according to the FM. Matnei-
Filho and Vergilio [10] propose a multi-objective approach by 
using two objectives related to the number of dead mutants 
and products. The authors performed experiments using 
NSGA-II, SPEA2, and IBEA algorithms.

We can see that the search-based approaches to select prod-
ucts for testing take into account different factors such as the 
number of test cases, dissimilarity, pairwise coverage, mutation 
score, and other ones related to costs. However, there are few 
multi-objective approaches [9], [10] and the existing ones do 
not consider the optimization of all the possible factors. Anoth-
er limitation of the search-based approaches is that they require 
the tester to choose operators such as crossover and mutation, 
the ones most suitable to the problem, and to configure the 
corresponding parameters. The use of HHs can help in these 
tasks and has been pointed out as a trend in the SBSE field [18], 
[43]. However, a few studies explore HHs in the software test-
ing context.

Jia et al. [15] propose a single and online HH based algo-
rithm to learn and apply combinatorial interaction testing 
strategies. The authors evaluate the approach against the state-
of-the-art and the best-known values. The results show that 
their HH performed well on constrained and unconstrained 
problems in several instances. The authors considered only a 
mono-objective approach.

Other works [16], [17] propose HH approaches to solve the 
integration and test order problem. Guizzo et al. [16] introduce 
a selection HH to work with NSGA-II and evaluate two low-
level heuristic selection methods: I) Choice Function; and II) 

Multi-Armed Bandit. In addition, they used a variation of the 
original MAB method called Sliding Multi-Armed Bandit 
(SlMAB) proposed by Fialho et al. [44]. Mariani et al. [17] 
introduce an off-line HH based on grammatical evolution to 
generate multi-objective algorithms to solve the same problem.

All the above-mentioned works present promising results 
and serve as the motivation to our approach. However, they do 
not address the selection of products concerning SPL testing. 
Considering these facts, we addressed the use of HHs for FM-
based testing of SPLs in two previous studies [19], [20]. We 
used three objectives: the number of products, dead mutants, 
and covered pairs. First of all we investigated [19] several UCB 
algorithms by using the MOEA/D-DRA algorithm: UCB 
[21], UCB-V [22] and UCB-Tuned [22]. All of them were 
considered similar and UCB was chosen as the best one due to 
its execution time. The UCB algorithm was compared to the 
canonical version of MOEA/D-DRA and a random selection 
method. We observed that both selection methods reached bet-
ter results than the MOEA/D-DRA algorithm.

In the same context, we investigated the use of UCB with 
NSGA-II [20]. In that work, we compared this algorithm with 
the traditional versions of other MOEAs used in the related 
work [10]: NSGA-II, SPEA2, and IBEA. The HH-based 
NSGA-II outperformed all the conventional algorithms.

Now, in the present study, we summarize the results 
obtained previously by using UCB with MOEA/D-DRA and 
NSGA-II for the three-objectives. We extend the works pub-
lished before by i) introducing an HH approach that considers 
a fourth objective based on dissimilarity of the products, not 
used in conjunction with the three other objectives of the 
related work; ii) implementing and comparing new algorithms, 
HH-based SPEA2 and HH-based IBEA; iii) presenting results 
of new experiments, allowing comparison of all the algorithms 
and the analysis of the solutions obtained. This new content is 
addressed in the next sections.

IV. Proposed Approach
Figure 4 describes how our approach works. The FM being 
tested is provided as input for the testing tools FMTS and 
Combinatorial tool. Two matrices are generated. The matrix 
M contains information about which valid products kill each 

FM Under Test
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LLHs MOEAs

Testing
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Solutions
Product 11Product Product 1111

...

···
Product 1n

...

Product Mn

Product M1

S
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S
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Hyper-Heuristic

Figure 4 Summary of the proposed approach.
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non-equivalent mutant. The matrix P contains information 
about which valid products cover each valid pair.

These matrices are used in the fitness calculation. An initial 
population is then generated where each individual represents 
a set of selected products. The next step is to define the objec-
tives to be optimized, the LLHs and HH-based algorithm to be 
used. The HH-based algorithm implements two selection 
methods: UCB and random. The selected HH-based algorithm 
generates the solutions during the evolution process and finally, 
returns the best solutions among which the user can choose 
one. Next we detail the main aspects related to the approach.

A. Population Representation
This work adopts a binary encoding. In this representation, a 
gene represents a product. A solution generated by an algorithm 
is a binary vector that represents a set of selected products. 
When the i-th bit is equal to 1 the product i  belongs to the 
solution. Otherwise, the i-th bit is equal to 0. The same conven-
tion is used to represent the features selected for a product.

B. Objective Functions
Let { , , , , }X p p p pn1 2 3 xf=  be a solution generated by an 
algorithm with nx  selected products. Table 1 shows the objec-
tives used in this study.

To select the best set of products for the FM-based testing of 
SPLs, the problem is defined as finding the X  that minimizes 
Equation 3 for three objectives or Equation 4 for four objectives.

 ( ), ( ), ( )T X A X P XMinimize
X

 (3)

 ( ), ( ), ( ), ( )T X A X P X S XMinimize
X

 (4)

C. Low-Level Heuristics
The set of LLHs used in this study is the same as the one defined 
in our previous work [19], [20]. An LLH is a combination of 
crossover and mutation operators as presented in Table 2. The 

header column contains the mutation operators and the leftmost 
column shows the crossover operators. Hence, a total of twelve 
LLHs were used by the algorithms. Observe that the LLHs h1, 
h5 and h9 do not include mutation operators. In addition, other 
crossovers and mutations can be defined if needed.

D. Credit Assignment
Credit assignment is the part of the approach that is dependent 
on the MOEA used. The method described in Section II-A 
was proposed for MOEA/D-DRA in [27], then when this 
algorithm is selected to solve the problem this credit assign-
ment is used. For the other MOEAs, we use an adaptation sim-
ilar to the one described by Guizzo et al. [16]. This adaptation 
allows working with the concept of dominance, replacing the 
computation of FIR ,op t  by Equation 5.

 | | . | |
.

P C

c p
p c1

1
0
0 5

if
if
otherwise

FIR ,op t
c Cp P

)

'

'=
!!

*//  (5)

where FIR is the Fitness Improvement Rate of an LLH ,op  
P   is the set of parent solutions and | |P  is its size, and C  is 
the set of generated solutions and | |C  is its size. The c p'  
operation means the child c  dominates the parents p and 
vice-versa.

For all MOEAs, the credit assignment uses a Sliding Win-
dow (SW) with fixed size. The idea is to store the FIR value of 
the most recently used LLH in the tail of the SW, while the 
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oldest record (the item at the head of the queue) is removed to 
keep the size of the window constant. It is assumed that the 
SW ensures that the stored FIR values reflect the current situa-
tion of the search. The pseudo-code of the credit assignment 
procedure is shown in Algorithm 1. The FRRh  rewards are 
used by the LLH selection process and k  is the number of 
available LLHs. When the algorithm begins, no LLH has been 
applied and all of them have the same probability of being cho-
sen. Thus, after all LLHs have been applied, the choice of the 
next one is given by Equation 1.

E. Hyper-Heuristic Integration
The integration of the HH component, credit assignment, and 
selection method into MOEAs is an easy procedure. The HH 
must manage the application of the operators during the evo-
lutionary process. Hence, before the application of an operator 
the selection method is called. Next, the operator is applied and 
then the credit assignment is executed.

As the HH approach allows the use of different MOEAs 
and we focus on their evaluation, we implemented four 
MOEAs: NSGA-II, SPEA2, IBEA and MOEA/D-DRA. All 
of them follow the principles of evolutionary algorithms and 
have a cycle based on fitness evaluation, selection and repro-
duction where the application of the operators occurs. NSGA-
II uses a non-dominated sorting-based evaluation. In contrast, 
SPEA2 incorporates a fine-grained non-dominated fitness 
assignment strategy called strength. IBEA uses a multi-objec-
tive performance metric, such as hypervolume and MOEA/
D-DRA uses a very different strategy, decomposing the 
problem in many scalar sub-problems with the help of weights. 
Each sub-problem uses this scalar function as fitness evaluation. 
All the sub-problems evolve together using a neighborhood 
defined using the weights. This neighborhood is used to 
restrict the individual chosen to breed new individuals through 
the crossover.

An important remark is that for MOEAs, which are not 
based on decomposition, the credit assignment does not take 
into account if the new individual is going to be used in the 
next generation or if it is going to be discarded. For MOEA/
D-DRA, this is a direct process; moreover, MOEA/D-DRA 

allows that a generated individual replaces more than one. This 
information is used in the credit assignment by following the 
new individual in the update of the population.

V. Experiment Description
In the experiments reported in our previous work [20], we 
compared the HH-based NSGA-II algorithm with the 
NSGA-II, IBEA, and SPEA2 algorithms and observed that the 
HH-based algorithm found better results, considering three 
objectives. The same occurs for the HH-based MOEA/D-DRA 
and its canonical version [19]. Now, we have implemented two 
other HH-based algorithms and introduced a four-objective 
formulation. Therefore, the focus of the evaluation described in 
this section is to compare different HH-based algorithms and 
also to evaluate the obtained solutions considering the fourth 
objective: similarity of products. To this end, the following 
research questions are proposed:
 RQ1. What is the best HH-based algorithm for this 

problem? Each algorithm uses a different approach to 
tackle the problem. The goal is to determine if there exists 
one that achieves the best results, considering three and 
four objectives.

 RQ2. How does the UCB method compare against the 
random selection method? The goal is to analyze the 
results of both selection methods, considering three and 
four objectives.

 RQ3. How do the solutions generated by using the 
three-objective formulation compare against those ones 
generated by using the four-objective formulation? This 
question helps to investigate the impact of using the 
fourth objective in the solutions.

To answer RQ1, we compared results from the application of 
different HH-based algorithms named here as NSGA-II-HH, 
IBEA-HH, SPEA2-HH, and MOEA/D-DRA-HH, considering 
three and four objectives. At the end, using the hypervolume (HV) 
[46] and unary epsilon additive ( )Ie+  [47] quality indicators, the 
best algorithm was chosen and used to answer RQ2 and RQ3.

To answer RQ2, the best HH-based algorithm was com-
pared to its version where the operators are randomly selected. 
Again, the HV and Ie+  [47] indicators were used to compare 
the results. Finally, to answer RQ3, we took solutions with the 
score and pairwise coverage greater than 0.98, and analyzed 
their fitness values.

A. Quality Indicators
To compare the performance of the algorithms, the True Pare-
to-front ( )PF true  is usually used. However, for these FMs the 
PF true  is unknown. For this reason, this set was formed by all 
PFknown  sets obtained with different algorithms by removing 
dominated and repeated solutions. The PFknown  set is formed by 
non-dominated solutions returned by one execution of the 
algorithm. The results were compared by using the HV and Ie+  
indicators. The HV measures the covered space between the 
obtained front and a reference point. In this case, higher values 
of HV indicate better convergence and diversity (consequently 

algorithm 1 Pseudo-code of the credit assignment Method.

 1 for i 0=  to k do
 2  Rewardi  . ;0 0!

 3  ;n 0i !

 4 for i 0=  to Size of the Sliding window do
 5  h !  get the low-level heuristic at i-th position;
 6  reward !  get the reward at i-th position;
 7  ;Reward Reward rewardh h! +

 8  ;nh++

 9 ;TotalReward Reward
h

K
h1

=
=

/
10 for h 0=  to K  do
11  FRRh !  Reward TotalReward/h
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better results). The obtained fronts are normalized to values 
between 0 and 1. The reference points for three-objective and 
four-objective formulations are ( . ; . ; . )y 1 01 1 01 1 01=)  and 

( . ; . ; . ; . )y 1 01 1 01 1 01 1 01=)  respectively. The Ie+  gives the min-
imum factor e  that can be added into the objective vector ele-
ments of a Pareto-front approximation to weakly dominate the 
objective vector elements from a reference front ( )PF true  [47].

Finally, in order to verify statistical difference among the 
results found, all algorithms were executed for 30 independent 
runs, and Kruskal-Wallis [48] and Mann-Whitney [49] tests 
were performed to determine the significance level. To calcu-
late the effect size, the Vargha-Delaney A measure A12t^ h [50] 
was used. This measure defines the probability of a value, taken 
randomly from the first sample, to be higher than a value taken 
randomly from the second sample.

In the A12t  measure, a negligible magnitude .0 56A <12t^ h

means a very small difference among the values. The small 
. .0 56 0 64A <12# t^ h and medium . .0 064 71A <12# t^ h mag-

nitudes represent that they may or may not yield statistical dif-
ferences. Finally, a large magnitude .0 71A12 $t^ h shows a 
significantly large difference that usually can be seen in the 
numbers without much effort.

B. Target Feature Models
This investigation uses the same FMs from related works [19], 
[20] as a target in the experiments. These FMs are as follows: a) 
James, an FM for collaborative web system; b) Car Audio Sys-
tem (CAS), which focuses on management of an automotive 
sound system; c) Weather Station, an FM of weather forecast 
systems; and d) E-Shop, an FM related to an e-commerce 
application. Further information about these FMs is available in 
Table 3. This table shows the number of products, alive 
mutants, features, and valid pairs. The set of alive mutants does 
not include equivalent mutants or other ones that are killed by 
invalid products.

C. Parameter Setting
All experiments were executed with a maximum number of 
fitness evaluations set to 60,000, population size to 210 for 
three objectives and 220 for four objectives. A tuning phase was 
performed in order to choose the C  and SW parameters for 
each algorithm (scaling factor to control the trade-off among 
Exploration versus Exploitation (EvE), and the size of the SW 
respectively). The possible values used in this phase for C were 
0.3, 0.5, 0.005 and 5.0, and 25%, 50% and 250% for SW.

The C parameter was set to 5.0 and SW set to 25% of the 
population size. MOEA/D-DRA used the Tchebycheff 
approach to decompose the problem, a neighborhood size of 
10% of the population size, and the number of substitutions 
equal to 10% of the population size. These values are recom-
mended in the literature [22].

VI. Results and Analysis
This section shows and discusses the results in order to answer 
the research questions.

A. RQ1—Comparing HH-Based Algorithms
Table 4 shows the mean HV and Ie+  values and standard devi-
ations for three-objective (3O) and four-objective (4O). The 
p-value was obtained through the Kruskal-Wallis test. For all 
results, the obtained p-value was < 2.2e-16.

Regarding the three-objective formulation, Table 4 shows 
that NSGA-II-HH outperforms other algorithms on the James, 
Weather Station, and E-Shop instances and SPEA2-HH gener-
ates better results for CAS.

A post-hoc analysis using Mann-Whitney test with Bonfer-
rori p-value adjustment method was applied for all instances to 
find statistical differences among the algorithms. Analyzing the 
obtained p-values and considering 0.05 significance level there 
appears to be no statistical difference between NSGA-II-HH 
and SPEA2-HH for HV and Ie+  values. However, NSGA-II-
HH generates better results for Ie+  with a statistical difference 
on the E-Shop instance (p-value = 0.036). In addition, A12t  
indicates a negligible effect size for CAS .0 52A12 =t^ h and 
Weather Station .0 48A12 =t^ h and a small effect size for James 

.0 57A12 =t^ h and E-Shop .0 66A12 =t^ h. Regarding the ,Ie+  
A12t  indicates a negligible effect size for CAS .0 43A12 =t^ h

and Weather Station . ,0 48A12 =t^ h  a small effect size for 
James .0 58A12 =t^ h and a medium effect size for E-shop 

. .0 69A12 =t^ h

Considering four objectives, Table 4 shows that SPEA2-
HH outperforms other algorithms on the James and CAS 
instances, while NSGA-II-HH generates better results on 
Weather Station and E-Shop.

Again, a post-hoc analysis using Mann-Whitney test with 
Bonferrori p-value adjustment method was applied for all 
instances. Analyzing the returned p-values and considering a 
0.05 significance level we see that there is no statistical differ-
ence between NSGA-II-HH and SPEA2-HH on the James 
and CAS instances regarding the HV and Ie+  indicators. How-
ever, when the number of products increases, NSGA-II-HH 
generates better results with statistical difference.

In addition, A12t  indicates a negligible effect size for the 
CAS instance . ,0 53A12 =t^ h  a small effect size for James 

. ,0 62A12 =t^ h  and a large effect size for Weather Station and 
E-Shop . . ,0 77 0 99A and A12 12= =t t^  respectively). The same 
effect sizes were obtained regarding the Ie+  indicator.

In summary, the results show that NSGA-II-HH generates, 
on average, the best results, mainly when the number of 

TaBLe 3 Informations about the used feature models.

FM 
PrODucTS 
(nt)

aLive 
MuTanTS 
(NM)

vaLiD 
PairS 
(NP) FeaTureS

JaMES 68 106 75 14 

caS 450 227 183 21

wEathEr 
StatIon

504 357 195 22 

E-ShoP 1152 394 202 22 
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products increases (case of E-Shop, which has the greatest 
number of products) and has similar performance to the other 
algorithms for instances with few products (for example, James). 
These findings hold true for both formulations. Thus, NSGA-
II-HH was chosen as the best algorithm for this problem and 
was used to answer the next research questions. It is important 
to note that IBEA-HH has the worst performance for all 
instances and both formulations.

B. RQ2—UCB vs Random Selection Methods
As described in the previous section, NSGA-II-HH outper-
forms other algorithms by obtaining the best results. So, the 
results reached by this algorithm were compared to those gen-
erated by its version where the LLHs are randomly selected 
(called NSGA-II-RAND here). Table 5 shows the mean val-
ues, standard deviations, p-values for Mann-Whitney test and 
A12t  for HV, Ie+  and execution time (in seconds), considering 
three-objective (3O) and four-objective (4O) formulations.

Analyzing the results regarding the three-objective formula-
tion, we observe that NSGA-II-HH outperforms NSGA-II-
RAND on the James and E-Shop instances. On the other 
hand, NSGA-II-RAND generates better results for CAS and 
Weather Station. However, the results show that there is no sta-
tistical difference between them on the James, CAS and Weath-
er Station instances when considering a 0.05 significance level. 
It is important to notice that NSGA-II-HH produces the best 
results for E-Shop with statistical difference (p-value = 0.01) 
and medium effect size .0 68A12 =t^ h for HV, but it produces 
results with no statistical difference for Ie+  (p-value = 0.053). 
In regards to the execution time, NSGA-II-HH outperforms 
NSGA-II-RAND in the instances with a large number of 
products (Weather Station and E-Shop).

Regarding the four-objective formulation, we can see that 
NSGA-II-RAND outperforms NSGA-II-HH for James and 
CAS. On the other hand, NSGA-II-HH outperforms NSGA-
II-RAND for Weather Station and E-Shop. However, the 
results show that there is no statistical difference between them 
for James, CAS and Weather Station when considering a 0.05 
significance level. Again, NSGA-II-HH obtains the best results 
for E-Shop with statistical difference (p-value = 0.01) and 
medium effect size .0 69A12 =t^ h for both HV and Ie+  indica-
tors. In regards to the execution time, NSGA-II-RAND out-
performs NSGA-II-HH in all instances, but for the E-Shop 
instance there is no statistical difference (p-value = 0.8) and the 
effect size is negligible . .0 51A12 =t^ h

To sum up, the results show that NSGA-II-HH reaches, on 
average, the best results for both formulations, mainly when the 
number of products increases. NSGA-II-RAND presents lower 
execution time for instances with a small number of products. 
However, the NSGA-II-HH execution time is better for the 
large instance (E-Shop) and three-objective formulation, and 
there is a statistical equivalence with NSGA-II-RAND when 
the four-objective formulation is used. An explanation about the 
difference between the times is not evident. This behavior should 
be investigated in future work by using larger instances. Hence, 
for this problem, it is possible to conclude that the random LLH 
selection method can be sufficient to achieve good results when 
using simple instances, that is, instances with a small number of 
products. On the another hand, when the number of products 
increases, NSGA-II-HH should be considered.

C. RQ3—Analyzing the Solutions
To analyze the impact of using three and four objectives, we 
consider solutions of the best algorithm, NSGA-II-HH, with a 

TaBLe 4 HV and Ie+  Results for three-objective and four-objective formulations.

inSTance FOrMuLaTiOn inDicaTOr nSga-ii-HH SPea2-HH iBea-HH MOea/D-Dra-HH

JaMES 3o hV 0.9637 (6.0e-5) 0.9637 (8.0E-5) 0.9470 (5.4E-3) 0.9633 (3.2E-4) 

Ie+ 0.0034 (4.6e-3) 0.0050 (4.8E-3) 0.0352 (7.3E-3) 0.0136 (1.7E-3) 

4o hV 0.6269 (1.3E-4) 0.6270 (8.0e-5) 0.6236 (3.8E-4) 0.6255 (4.0E-4) 

Ie+ 0.0106 (3.0e-3) 0.0106 (3.3E-3) 0.0294 (0.0000) 0.0242 (5.2E-3) 

caS 3o hV 0.9938 (6.0e-5) 0.9938 (6.0e-5) 0.5700 (9.1E-3) 0.9928 (2.9E-4) 

Ie+ 0.0039 (8.9E-4) 0.0037 (1.0e-3) 0.4320 (9.0E-3) 0.0050 (5.9E-4) 

4o hV 0.6368 (2.8E-3) 0.6371 (1.7e-3) 0.1894 (3.1E-3) 0.6325 (4.4E-3) 

Ie+ 0.0408 (1.4E-2) 0.0390 (1.3e-2) 0.6754 (1.0E-3) 0.0498 (1.1E-2) 

wEathEr 
StatIon 

3o hV 0.9922 (5.0e-5) 0.9922 (6.0E-5) 0.5658 (1.0E-2) 0.9896 (6.4E-4) 

Ie+ 0.0026 (7.1e-4) 0.0027 (7.6E-4) 0.4365 (1.0E-3) 0.0068 (1.3E-3) 

4o hV 0.6587 (7.5e-4) 0.6577 (1.1E-3) 0.2749 (4.9E-3) 0.6539 (1.1E-2) 

Ie+ 0.0163 (3.8e-3) 0.0218 (6.9E-3) 0.5198 (8.1E-4) 0.0368 (6.2E-2) 

E-ShoP 3o hV 0.9974 (4.0e-5) 0.9973 (3.0E-5) 0.5452 (5.3E-3) 0.9957 (5.6E-4) 

Ie+ 0.0014 (4.2e-4) 0.0018 (4.5E-4) 0.4584 (5.4E-3) 0.0032 (7.4E-4) 

4o hV 0.6860 (1.8e-2) 0.5890 (2.9E-2) 0.2396 (2.2E-3) 0.6055 (4.1E-2) 

Ie+ 0.1187 (6.1e-2) 0.3838 (7.0E-2) 0.5656 (1.0E-3) 0.3442 (1.1E-1) 
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mutation score and pairwise coverage greater than 0.98. If we 
consider the tester’s point of view, solutions with lower values 
for these objectives are probably not so interesting. However, 
this analysis can be conducted considering other solutions if 
the tester wants to prioritize other objectives, such as similarity 
and the number of products. In this way, for each instance, we 
formed two sets S3 and S4, composed by solutions generated 
using three and four objectives, respectively.

To illustrate some of the results, Table 6 presents the fitness 
values of the solutions of both sets obtained for the CAS instance. 
In this table we also present similarity values that we calculated 
for the solutions in set S3. As expected, S4 has a greater number 
of solutions. In fact, this number is three times greater for James, 
six times greater for CAS, and seven times greater for Weather 
Station and E-Shop. We can see in the table that all the solutions 
in S4 present better similarity values when compared to solutions 
in S3. The solutions in S4 dominate the solutions in S3 consider-
ing only this objective. This also occurs for all other instances.

Another point to be considered is that to make this objective 
even better, a degradation in the number of products is necessary. 
However, this is not a negative point because we can see solu-
tions in both sets with score and coverage equal to 1, which have 
the same number of products. Even for the greatest instances, 

Weather Station and E-Shop, it was possible to obtain a lower 
similarity without sacrificing the other objectives. In that case, 
the use of the fourth objective seems to be advantageous because 
the tester will have a greater set of solutions to make his/her 
choice with better similarity values, and at the same time with 
similar values of score, coverage, and the number of products.

D. Threats to Validity
We identified some points that can be considered threats to 
validity of the experiment, according to Wohlin et al. [51]. 
Regarding internal validity, the parameter setting can be con-
sidered a threat since an ideal tunning of parameters was not 
performed in virtue of time constraints. To minimize this 
threat, we used the parameters defined in related work. Differ-
ent values can produce better results.

In addition, we use FaMa [42] to handle the constraints of 
the feature model and to generate new products. We found 
some limitations related to the scalability. However the 
approach is independent of the solver being used. Randomized 
SAT solver can be used in order to bypass this problem. In the 
work of Henard et al. [52], an approach to deal with huge SPLs 
is proposed. The use of our approach with the approach of 
Henard et al. should be subject of future works.

TaBLe 5 HV, Ie+  and Execution Time Results of NSGA-II-HH and NSGA-II-RAND for three-objective and four-objective formulations.

inSTance FOrMuLaTiOn inDicaTOr nSga-ii-HH nSga-ii-ranD P-vaLue eFFecT Size 

JaMES 3o hV 0.9636 (6.1e-5) 0.9636 (6.3E-5) 0.7374 0.52 (nEgLIgIbLE)

Ie+ 0.0034 (4.6e-3) 0.0040 (4.7E-3) 0.6073 0.53 (nEgLIgIbLE)

ExEcutIon tIME 2.4672 (0.3510) 1.6964 (0.2856) 2.2E-9 0.95 (LargE) 

4o hV 0.6269 (1.3E-4) 0.6270 (8.3e-5) 0.1381 0.38 (SMaLL) 

Ie+ 0.0106 (3.0e-3) 0.0110 (3.4E-3) 0.5905 0.53 (nEgLIgIbLE)

ExEcutIon tIME 2.6883 (0.3098) 1.9658 (0.3830) 0.5E-9 0.96 (LargE) 

caS 3o hV 0.9938 (5.7E-5) 0.9938 (6.1e-5) 0.5325 0.45 (nEgLIgIbLE)

Ie+ 0.0039 (8.9e-4) 0.0039 (8.9e-4) 0.9879 0.50 (nEgLIgIbLE)

ExEcutIon tIME 15.9049 (1.2107) 15.0554 (0.9647) 0.9E-9 0.96 (LargE) 

4o hV 0.6368 (2.8E-3) 0.6372 (1.2e-3) 1.0000 0.50 (nEgLIgIbLE)

Ie+ 0.0408 (1.4E-2) 0.0386 (9.9e-3) 0.4573 0.55 (nEgLIgIbLE)

ExEcutIon tIME 33.6523 (0.7549) 32.2813 (1.2869) 3.4E-8 0.88 (LargE) 

wEathEr 
StatIon 

3o hV 0.9921 (4.8E-5) 0.9922 (3.9e-5) 0.0964 0.37 (SMaLL) 

Ie+ 0.0026 (7.1E-4) 0.0023 (5.0e-4) 0.0997 0.61 (SMaLL) 

ExEcutIon tIME 24.8818 (1.2904) 25.0720 (0.9192) 1.4E-7 0.89 (LargE) 

4o hV 0.6587 (7.4e-4) 0.6584 (7.4E-4) 0.1091 0.62 (SMaLL) 

Ie+ 0.0163 (3.8e-3) 0.0163 (3.8E-3) 0.8824 0.51 (nEgLIgIbLE)

ExEcutIon tIME 47.4245 (1.2530) 46.4146 (1.3296) 4.1E-6 0.83 (LargE) 

E-ShoP 3o hV 0.9973 (3.6e-5) 0.9973 (3.7E-5) 0.0125 0.68 (MEdIuM) 

Ie+ 0.0014 (4.2e-4) 0.0016 (4.1E-4) 0.0536 0.63 (SMaLL) 

ExEcutIon tIME 57.6579 (7.3167) 58.1283 (4.8111) 6.0E-7 0.87 (LargE) 

4o hV 0.6860 (1.8e-2) 0.6672 (3.4E-2) 0.0105 0.69 (MEdIuM) 

Ie+ 0.1187 (6.1e-2) 0.1711 (1.0E-1) 0.0131 0.68 (MEdIuM) 

ExEcutIon tIME 154.4810 (24.7212) 153.2412 (23.5941) 0.8776 0.51 (nEgLIgIbLE)
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With respect to external validity, the FMs used in this work 
are small (compared to the FMs used in the industry). Thus, 
these results cannot be generalized to larger applications. How-
ever, they provide some evidence towards an initial validation of 
our approach. New experiments should be performed to con-
firm these findings.

Regarding conclusion validity, the algorithms were executed 
30 times but it is recommended that they be executed 1000 
times [53]. However, this is not possible due to the computation-
al effort required to execute large instances. So, a larger number 
of executions should be considered. Finally, the choice of 
NSGA-II-HH as the best algorithm was made based on the HV 
and Epsilon indicators considering the same parameters for the 
algorithms. These results may be different for other indicators.

VII. Concluding Remarks
This work introduces an HH approach to the selection of 
products for the FM-based testing of SPLs. The idea is to 
dynamically select the best LLH (operator) to the problem 
using UCB and random based methods. The approach includes 
four objectives: the number of products, mutation score, pair-
wise coverage and similarity between the products.

We implemented and evaluated four HH-based MOEAs: 
NSGA-II-HH, SPEA2-HH, IBEA-HH, and MOEA/ 
D-DRA-HH using three and four objectives. The results show 
that the NSGA-II-HH algorithm outperforms the other ones 
by obtaining solutions with higher HV and Ie+  values, mainly 
for the FM instances with a greater number of products. This 
finding is valid for both objective formulations.

When the NSGA-II-HH is compared to its version that 
uses a random low-level heuristic selection method (NSGA-II-
RAND), the performance of both are equivalent (there is no 

statistical difference between them). However, for large instanc-
es (with a greater number of products), NSGA-II-HH outper-
forms NSGA-II-RAND. So, we can conclude that random 
selection can be used in small instances and, for large instances, 
the use of NSGA-II-HH is more suitable.

We also analyzed the impact of using three and four objec-
tives. We concluded that the use of the similarity measure does 
not imply in degradation of the other objective values. The use 
of four objectives leads to the generation of better sets of prod-
ucts. The test of dissimilar products can reveal different kind of 
faults and this should be evaluated in future studies.

Other further works include to execute experiments using 
larger instances, other LLHs, and new quality indicators. Besides, 
execution time and scalability should be better evaluated. 
Moreover, other objectives should be explored, such as the use 
of the tester’s preference, since we observe that for this problem, 
solutions with lower values of mutation score and pairwise cov-
erage are not necessarily of interest to the tester.
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