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 A B S T R A C T

Software Product Lines (SPLs) evolve over time, driven by changing requirements and advancements in 
technology. While much research has been dedicated to the evolution of feature models (FMs), less focus 
has been put on how associated artifacts, such as test cases, should adapt to these changes. Test cases, derived 
as valid products from an FM, play a critical role in ensuring the correctness of an SPL. However, when an 
FM evolves, the original test suite may become outdated, requiring either regeneration from scratch or repair 
of existing test cases to align with the updated FM. In this paper, we address the challenge of evolving test 
suites upon FM evolution. We introduce novel definitions of test suite dissimilarity and specificity We use these 
metrics to evaluate three test generation strategies: GFS (generating a new suite from scratch), GFE (repairing 
and reusing an existing suite), and SPECGEN (maximizing specific tests for the FM evolution). Additionally, 
we introduce a set of mutations to simulate FM evolution and obtain additional FMs. By using mutants, we 
conduct our analyses and evaluate the mutation score of test generation strategies. Our experiments, conducted 
on a set of FMs taken from the literature and on more than 3,200 FMs artificially generated with mutations, 
reveal that GFE often produces the smallest test suites with high mutation scores, while SPECGEN excels in 
specificity, particularly for mutations expanding the set of valid products.
1. Introduction

Software product lines (SPLs), like all software models and artifacts, 
naturally evolve over time due to various factors (Kröher et al., 2018; 
Bürdek et al., 2016; Pleuss et al., 2012; Passos et al., 2013; Marques 
et al., 2019). Consequently, the associated feature model (FM) for the 
SPL may also undergo changes. While significant research has explored 
the evolution of FMs, less focus has been placed on how other related 
artifacts should adapt to these changes (Botterweck and Pleuss, 2014). 
Indeed, when evolving SPLs, it is crucial to consider the evolution 
of other core assets such as architecture, documentation, and test 
cases (Seidl et al., 2012). Evolving these artifacts not only enhances 
product quality but also fosters scalability and maintainability within 
the product line (Montalvillo and Díaz, 2023; Ignaim et al., 2024; 
Hernández-López et al., 2018).

In this paper, we focus on how test cases which are (valid) products 
derived from an FM, should or could evolve. We assume that the 
designer of a SPL, once an FM has been designed for it, is interested in 
deriving a set of products, i.e., valid configurations, according to some 
criteria (e.g., combinatorial interaction among features (Oster et al., 
2010) or product sampling (Varshosaz et al., 2018)), and these products 
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constitute the test cases. We assume that each test case is then used 
to test the SPL (for example, by actually building the single product 
and checking its correctness and feasibility). If the SPL, together with 
its FM, is modified, the original test set must likely be modified, since 
some products are no longer valid while others must be considered due 
to the modifications of the FM.

When FM evolution happens, testers have two options: they can 
either start fresh and generate new test cases from scratch, or they 
can attempt to repair test cases generated for the previous version of 
the FM and retain those that are still valid. However, in the literature, 
there is no clear guideline on how to handle test cases when an FM 
undergoes evolution. This is the rationale behind this paper which 
extends two previous works (Bombarda et al., 2023, 2024). More 
specifically, the following are the contributions of our paper. Given an 
arbitrary evolution 𝑒 of an FM of the SPL under test, we introduce:

1. Novel definitions of distance and dissimilarity between tests and 
test suites, which do not require to complete the test suite de-
rived from each FM. These definitions, initially proposed in Bom-
barda et al. (2023) to evaluate the difference between two 
tests or test suites generated for two FMs, originally required 
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modifying one of the two counterparts to include removed or 
added features for their computation;

2. A revised definition of specific tests for the evolution 𝑒. This 
definition, introduced in Bombarda et al. (2024), aims to as-
sess how much a test suite focuses on covering new products 
introduced during FM evolution. In the original definition, it 
considered both non-selected and non-available features in the 
same manner. However, in this work, we distinguish these two 
scenarios;

3. A set of mutations useful to simulate the effect of the evolution 
𝑒;

4. A set of experiments for determining the most appropriate test 
suite generation or repair approach based on the evolution 𝑒, 
depending on the updates implemented during 𝑒.

In this paper, we analyze three different test generation policies 
upon FM evolution: GFS, which is based on generating a new test suite 
from scratch; GFE, which starts the test generation from the test suite 
previously generated for the old version of the FM; and SPECGEN, 
which tries to maximize the percentage of specific tests.

We conducted a set of experiments, run over 13 different industrial 
FM families taken from the literature, with a total of 35 evolutions. 
Additionally, for this paper, we generated 3256 additional FMs starting 
from the industrial ones and by introducing artificial mutations. We 
assessed the average generation time, test suite size, dissimilarity, 
specificity, and mutation score for the test suites generated by the 
three policies. We found that, in general, GFE is the policy leading 
to the smallest test suites, with the lowest dissimilarity and the high-
est mutation score. However, it suffers, in terms of time, for simple 
FMs, where the pre-processing time overpasses that of the pure test 
generation. SPECGEN proved to be the test generation policy with 
the highest specificity, as it maximizes the number of test cases valid 
in the evolved FM but invalid in the original FM. In general, we 
observed that the metrics we assess for each test generation approach 
are significantly influenced by the type of evolution to which the FM is 
subjected. For instance, in terms of time, SPECGEN outperformed the 
other policies when mutations broaden the set of valid products. Thanks 
to our findings, we provide a set of guidelines to choose the best test 
generation approach depending on the changes implemented during the 
evolution.

The remainder of the paper is structured as follows. Section 2 
introduces the background for our work, starting from FMs to the 
definition of what are tests in the SPL domain. In Section 3, we present 
the problem of SPL evolution and the way in which it can be simulated 
by using artificial mutations. Section 4 details, the metrics we use to 
compare different test generation strategies, while Section 5 presents 
the three policies we analyze in this paper. The experimental method-
ology and the results of our experiments are presented in Section 6. 
Section 7 discusses potential threats to the validity of our experiments 
and conclusions, while in Section 8 we report related works. Finally, 
Section 9 concludes the paper.

2. Background

This section offers an overview of fundamental concepts related 
to feature models, the testing methods applied to them, including 
combinatorial testing, and how decision diagrams (DDs) can be used 
to represent feature models and their valid configurations.

2.1. Feature models

In software product line engineering, feature models (Kang et al., 
1990; Thüm et al., 2014) are used to represent all possible products 
within a Software Product Line (SPL) by defining features and the rela-
tionships between them. Specifically, a feature model (in the following 
referred to as FM) consists of a structured set of features 𝐹 , arranged in 
a hierarchical format. Each parent–child relationship in this hierarchy 
establishes a constraint that assigns a feature or group of features to 
one of the following categories:
2 
Table 1
Example of a test suite for the FM reported in Fig.  1.
 Screen Basic Color Media Camera MP3 Calls GPS 
 𝑡1 ⊤ ⊥ ⊤ ⊥ ⊥ ⊥ ⊤ ⊥  
 𝑡2 ⊤ ⊤ ⊥ ⊤ ⊥ ⊤ ⊤ ⊤  
 𝑡3 ⊤ ⊥ ⊤ ⊤ ⊤ ⊤ ⊤ ⊥  
 𝑡4 ⊤ ⊤ ⊥ ⊥ ⊥ ⊥ ⊤ ⊤  
 𝑡5 ⊤ ⊥ ⊤ ⊤ ⊤ ⊥ ⊤ ⊤  
 𝑡6 ⊤ ⊤ ⊥ ⊥ ⊥ ⊥ ⊤ ⊥  

• Or, when at least one of the sub-features must be selected if the 
parent is selected;

• Alternative, when exactly one of the children must be selected 
whenever the parent feature is selected;

• And, when the relation between a feature and its children is 
neither an Or nor an Alternative. In this case, each child of an and
must be either: – Mandatory, when the child feature is selected 
whenever its respective parent feature is selected; – Optional, if 
the child feature may or may not be selected if its parent feature 
is selected.

Among all features, only the root in 𝐹  has no parent and it must 
be selected in every product. An example of an FM is reported in Fig. 
1.  It has 9 features, among which MobilePhone is the root, Screen and
Calls are mandatory, Media and GPS are optional, the group having
MobilePhone as a parent is an And group, the one having Media as a 
parent is an Or group and, finally, the one having Screen as a parent is 
an Alternative group.

Additionally, the set of valid products can be restricted through
cross-tree constraints, i.e., relations that cross-cut hierarchy dependen-
cies. These constraints can be general propositional formulas, with the 
most common being A requires B (𝐴 → 𝐵), i.e., when the selection of 
a feature A in a product also implies the selection of the feature B, or 
A excludes B (𝐴 → ¬𝐵), i.e., when features A and B cannot be part of 
the same product.  The FM reported in Fig.  1 has a cross-tree constraint 
requiring Color to be selected when Camera is selected.

Because of the cross-tree constraints, a feature can be dead, i.e., it 
can never be selected, or core, i.e., it is mandatory in every valid 
product, like the root.

2.2. Test suites for feature models

When designing a family of products through an SPL, it is paramount
to test it to detect possible faults (Arcaini et al., 2015). Test suites for 
FMs are composed of (abstract) tests defining which features of the FM 
are selected and which ones are unselected by each product.

Definition 1 (Test). A test 𝑡𝑠 for 𝐹𝑀 is a function mapping the selection 
status of each feature 𝑓 ∈ 𝐹  in the product identified by 𝑡𝑠:

𝑡𝑠(𝑓 ) =

{

⊤ 𝑖𝑓 𝑓 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑖𝑛 𝑡𝑠
⊥ 𝑖𝑓 𝑓 𝑖𝑠 𝑛𝑜𝑡 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑖𝑛 𝑡𝑠

Given an FM, tests can be valid or invalid. The former case is that 
of tests defining the selection status for all the features in 𝑓 ∈ 𝐹  and 
complying with the hierarchical and cross-tree constraints. The latter, 
instead, is the case of tests representing products that cannot be built 
because of noncompliance with constraints.

Table  1 reports a test suite for the FM shown in Fig.  1. In this 
representation, we can omit the root feature because it must be selected 
by all valid products in any FM. Test cases for FMs can be generated 
by following several criteria. However, normally, the number of tests 
for an FM is too high to perform exhaustive testing, thus product 
sampling (Varshosaz et al., 2018), search-based (Ensan et al., 2012; 
Devroey et al., 2016), and combinatorial testing (Johansen et al., 2011; 
Bombarda et al., 2024, 2023; Calvagna et al., 2013; Bombarda and 



A. Bombarda et al. The Journal of Systems & Software 231 (2026) 112645 
Fig. 1. Example of an FM for a Mobile Phone.
Model MobilePhone

Parameters :
MobilePhone : Boolean
Screen : { Basic Color NONE }
Media : Boolean
Camera : Boolean
MP3 : Boolean
Calls : Boolean
GPS : Boolean

Constraints :
# MobilePhone == TRUE #
# Screen != NONE <=> MobilePhone == TRUE #
# Media == TRUE => MobilePhone == TRUE #
# Media == TRUE => Camera == TRUE || MP3 == TRUE #
# Camera == TRUE => Media == TRUE #
# MP3 == TRUE => Media == TRUE #
# Calls == TRUE <=> MobilePhone == TRUE #
# GPS == TRUE => MobilePhone == TRUE #
# Camera == TRUE => Screen == Color #

Listing 1. Input Parameter Model for the FM in  Fig.  1.
 
 

 
 
 
 

 
 
 
 
 
 

 
 
 
 
 

 
 
 
 
 
 

 

Gargantini, 2024a) approaches have been proposed to allow testers to
select only valid products and keep the size of the test suite under
control.

2.3. Feature models and combinatorial input parameter models

In this paper, we generate combinatorial test suites (Kuhn et al.,
2013) for FMs. The aim is, given a strength 𝑡, to generate a test suite
𝑇𝑆 covering all t-wise interactions between features 𝑓 ∈ 𝐹  by means
of a combinatorial test generator and starting from an Input Parameter
Model (IPM).

Mapping FMs to IPMs is straightforward. Each feature 𝑓 ∈ 𝐹  is
translated into a Boolean parameter for the IPM, and each cross-tree
constraint in the FM is converted into a logical constraint between
parameters in the IPM, as well as each constraint defining hierarchical
relations and mandatory features. Additionally, if a more compact
representation of the features is needed, alternative groups can be
represented with a single parameter. Listing 1 reports the IPM repre-
sentation of the FM in Fig.  1: Each feature is converted into a Boolean
parameter (except the alternative ones, which are converted into an
enumerative parameter) and a set of constraints limiting the set of valid
products (i.e., those setting features as mandatory, or those defining
the hierarchical dependency among features, or the cross-tree ones) is
added.

Once an IPM for the FM under analysis is written, it can be used by
a combinatorial test generator (e.g., Czerwonka, 2022a; Anon, 2023;
Yu et al., 2013; Bombarda and Gargantini, 2022, 2023; Garvin et al.,
2009; Wagner et al., 2020; Gargantini and Vavassori, 2014) and, given
a strength 𝑡, a test suite like that shown in Table  1 is generated. In
particular, Table  1 shows a pairwise test suite, meaning that every valid
interaction between pairs of features is covered.

2.4. Mapping feature models to decision diagrams

An efficient way to represent FMs is by means of decision diagrams
(DDs), which are defined as follows.
3 
Definition 2 (Decision Diagram). A decision diagram is a graph that 
represents a function 𝑔 ∶ 𝐷 → 𝐵 where 𝐷 = 𝐷1 ⋯𝐷𝑛 and 𝐵 is the 
Boolean domain, i.e., 𝐵 = {𝐹 , 𝑇 }.

In general, a DD is used to evaluate the truth value of a function 
𝑔 when it is applied to the variables 𝑥1,… , 𝑥𝑛. Depending on the 
domain of the variables 𝑥1,… , 𝑥𝑛, different DDs can be used: Binary 
Decision Diagrams (BDDs) (Akers, 1978) are used to represent Boolean 
functions, while Multivalued Decision Diagrams (MDDs) (Miller and 
Drechsler, 2002) support variables with different domains. 

Summarizing, a DD can select which values of the input domains 
𝐷1 …𝐷𝑛 are selected by the function 𝑔. In fact, if the values 𝑥1,… , 𝑥𝑛
for the variables in 𝐷1 …𝐷𝑛 are selected by 𝑔, then 𝑔(𝑥1,… , 𝑥𝑛) = 𝑇 , 
otherwise 𝑔(𝑥1,… , 𝑥𝑛) = 𝐹 .

FMs can be considered as models describing which configurations 
(i.e., truth assignments to all the features) are acceptable and which 
are not. Thus, a DD can represent the set of possible products for an 
FM. Fig.  2 reports an example of the mapping between an FM and a 
DD. Note that, in this case, all features in 𝐹𝑀 are Boolean (i.e., no 
alternative feature exists) so using an MDD or a BDD will produce the 
same DD. In this example, 𝐹𝑀 in Fig.  2(a) has a root, a mandatory
feature (A), and an optional feature (B). In its DD representation, shown 
in Fig.  2(b), dashed lines indicate that the feature from which the arrow 
starts is unselected, while continuous lines represent selected features.

In this paper, we will use both BDDs and MDDs to represent FMs and 
derive test cases, as there are several works available in the literature 
confirming their optimal performance w.r.t. most classically used logi-
cal solvers (Heß et al., 2021; Bombarda and Gargantini, 2024b). Their 
use for deriving test cases is made possible by the operations among 
DDs such as complement, computation of the cardinality, or the most 
classical binary operations like union, intersection, and difference. These 
operations are equivalent to logic operations between the functions 
represented by the DDs. 

Given the representation of an FM with a DD, valid test cases for the 
FM are all those paths leading to the T leaf. Similarly, DDs can be used 
to model t-tuples of features to be covered by a test case: We simply 
force all assignments contained in the t-tuple 𝑡𝑝 as leading to the T leaf, 
and all the others to the F leaf.
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Fig. 2. Correspondence between an FM and a DD.
Table 2
Mutation operators for FM.
 Operator name Description  
 MissingFeature A feature is removed  
 ConstraintRemover A cross-tree constraint is removed  
 OptToMan Optional feature → mandatory  
 ManToOpt Mandatory feature → optional  
 AlToAnd Alternative → AND (+ mand. children)  
 AlToAndOpt Alternative → AND (+ opt. children)  
 AlToOr Alternative → OR  
 AndToAl An AND group → alternative  
 AndToOr An AND group → OR  
 OrToAl An OR group → alternative  
 OrToAnd An OR group → AND (+ mand. children)  
 OrToAndOpt An OR group → AND (+ opt. children)  
 Negation A cross-tree constraint is negated  
 LogicOrToAnd The or operators in a cross-tree constraint are 

changed in and
 

 ConstraintSubst A general constraint is modified by inserting a 
new feature, changing a logical operator, or 
removing part of it

 

 LiteralChg A randomly chosen literal is changed in the FM 
 ImpliesToIff Implies is swapped in iff in a constraint  
 RequiresToExcludes A requires constraint → excludes  
 MoveFeature A feature is moved (with its descendants) as a 

child of another feature
 

3. Problem definition

In this paper, we address the evolution of FMs. Specifically, we 
consider a scenario where an initial feature model 𝐹𝑀 evolves into 
a new version 𝐹𝑀 ′. In such cases, testers must decide how to handle 
a possible test suite previously generated for 𝐹𝑀 . In this section, we 
present the fundamental concepts related to FM evolution and explain 
how mutations can be used to simulate this process, and discuss key 
properties of test suites that are relevant in the context of model 
evolution.

3.1. Evolution and types of edits of a feature model

SPLs and their FMs evolve throughout their lifespan (Thüm et al., 
2009; Lotufo et al., 2010). The evolution of an FM involves editing 
actions like adding, removing, or relocating features, as well as modi-
fying, adding, or removing constraints. Even small changes can affect 
the set of permissible feature combinations: Configurations that were 
once valid may no longer be, while others may now become possible. In 
the literature, several examples of changes have been presented, mostly 
taken from industrial FM edits (Thüm et al., 2009; Alves et al., 2006; 
Passos et al., 2013; Lotufo et al., 2010). In this work, we assume that, 
when necessary, we can simulate those edits by using the mutation 
operators introduced in Arcaini et al. (2019) and here reported in Table 
2.

The evolution process of an FM changes the set of valid products. 
However, changes of valid configuration sets are known to be im-
practical to determine manually, especially because the type of edits 
4 
Fig. 3. Example of FM evolutions.

occurring during FM evolution is known to be arbitrary (Thüm et al., 
2009). Consequently, tests derived for 𝐹𝑀 may become invalid for 
𝐹𝑀 ′, new ones may need to be added to satisfy the testing require-
ments and testers should decide what to do with the old test cases. 
This is the motivation behind the analysis we propose in this paper.

Example 1.  Let us consider the FM in Fig.  3. From 𝐹𝑀 to 𝐹𝑀 ′, 
the set of features remains unchanged, but the hierarchical relation 
changes: the And becomes an Alternative. This means that a test/product 
𝑡1 = {𝑟𝑜𝑜𝑡, 𝐴, 𝐵}, valid for 𝐹𝑀 , will not be valid for 𝐹𝑀 ′, since in 𝐹𝑀 ′

both features, 𝐴 and 𝐵, cannot be selected.

Evolutions changing the feature set. Sometimes a change in an FM also 
changes the feature set by removing or adding a new feature. For 
instance, in Fig.  3, the feature 𝐵 has been removed from 𝐹𝑀 ′ while 
a new feature 𝐶 is added to obtain 𝐹𝑀 ′′. This means that a test for 
the original FM must be adapted to be used in the new FM, or on the 
contrary, a test in the new FM must be adapted if it is used in the old 
FM. We will return to this subject in Section 4.4.

4. Metrics for comparing test generation strategies

To support users in deciding which test generation policy is the 
best fit for their scenario, we introduced the following metrics to be 
considered according to the final goal: Generation time, test suite size, 
dissimilarity, specificity, and mutation score. In this section, we will 
provide more details on each of the metrics we consider in this paper. 
Throughout this section, we will use the example in Fig.  3 and the three 
test suites in Fig.  4 to illustrate relevant metrics.

4.1. Test suite generation time

One of the metrics used in choosing a generation strategy is the 
generation time. This is commonly done in the literature when different 
test generation tools or strategies are compared (Leithner et al., 2024; 
Bombarda et al., 2021). Commonly, the goal for testers is to minimize 
the generation time because it allows them to save resources that can 
otherwise be used for other activities.
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Fig. 4. Test Suites for the FM evolutions in Fig.  3.
4.2. Test suite size

The dimension of the test suite, i.e., the number of test cases, 
directly impacts the test execution time. For this reason, test suites with 
few test cases are preferable for systems that require considerable effort 
in terms of resources deployed.

Example 2.  The size of this test suite TS in Fig.  4(a) is the number of 
test cases it contains, i.e., ‖𝑇𝑆‖ = 2.

4.3. Distance between two test suites: Dissimilarity

Introduced in Bombarda et al. (2023), the dissimilarity evaluates 
the difference between two test suites generated starting from a feature 
model 𝐹𝑀 and its evolution 𝐹𝑀 ′. Since the distance between 𝑇𝑆 and 
𝑇𝑆′ depends on the distance between each test 𝑡 and 𝑡′ in them, first 
we introduce the definition of the distance between two test cases.

Definition 3 (Distance Between Two Test Cases). Let 𝑡 and 𝑡′ be two test 
cases generated from 𝐹𝑀 and 𝐹𝑀 ′, (𝐹 ∩ 𝐹 ′) be the common features 
between 𝐹𝑀 and 𝐹𝑀 ′, and 𝐹𝛥𝐹 ′ be the symmetric difference between 
features in 𝐹𝑀 and 𝐹𝑀 ′.1 The distance between the two test cases is: 

𝑡𝑒𝑠𝑡𝐷𝑖𝑠𝑡(𝑡, 𝑡′) = ‖{𝑓 |𝑓 ∈ (𝐹 ∩ 𝐹 ′) ∧ 𝑡(𝑓 ) ≠ 𝑡′(𝑓 )}‖ + ‖𝐹𝛥𝐹 ′
‖ (1)

Intuitively, the distance between two test cases counts how many 
features of two products, one for 𝐹𝑀 and the other for 𝐹𝑀 ′, are dif-
ferent from each other. In particular, it counts the number of common 
features where 𝑡(𝑓 ) and 𝑡′(𝑓 ) differ, then the number of elements in 
the symmetric difference between the feature sets of 𝐹𝑀 and 𝐹𝑀 ′ is 
added. The maximum distance between two tests is obtained when all 
the common features 𝑡(𝑓 ) and 𝑡′(𝑓 ) differ. Thus, the maximum possible 
𝑡𝑒𝑠𝑡𝐷𝑖𝑠𝑡(𝑡, 𝑡′) is equal to ‖𝐹 ∩𝐹 ′

‖+‖𝐹𝛥𝐹 ′
‖, which is equal to ‖𝐹 ∪𝐹 ′

‖. 
The minimum distance is equal to ‖𝐹𝛥𝐹 ′

‖, i.e., when all the common 
features are equally either selected or not in both test cases.

Example 3.  The distance 𝑡𝑒𝑠𝑡𝐷𝑖𝑠𝑡(𝑡, 𝑡′) between the test cases in 𝑇𝑆
and 𝑇𝑆′ of Fig.  4 is computed as follows.

 𝑡 ∈ 𝑇𝑆 𝑡′ ∈ 𝑇𝑆′ 𝐹 ∩ 𝐹 ′ 𝑡(𝑓 ) ≠ 𝑡′(𝑓 ) 𝐹𝛥𝐹 ′ 𝑡𝑒𝑠𝑡𝐷𝑖𝑠𝑡(𝑡, 𝑡′) 
 𝑡1 𝑡3 {𝐴,𝐵} {𝐵} ∅ 1  
 𝑡2 𝑡4 {𝐴,𝐵} ∅ ∅ 0  

After defining the distance between two tests in 𝑇𝑆 and 𝑇𝑆′, we 
define the distance between two test suites. 

1 The symbol 𝛥 denotes the operation of symmetric difference of two sets: 
𝐴𝛥𝐵 = (𝐴 ⧵ 𝐵) ∪ (𝐵 ⧵ 𝐴). The symmetric difference is the set of elements that 
are in either of the sets A and B, but not in their intersection.
5 
Definition 4 (Distance Between Test Suites). Given two test suites 𝑇𝑆 = 
{𝑡1...𝑡𝑛} derived from 𝐹𝑀 and 𝑇𝑆′ = {𝑡′1...𝑡′𝑛′} derived from 𝐹𝑀 ′, the 
distance between 𝑇𝑆 and 𝑇𝑆′ is defined as 

𝑡𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒𝐷𝑖𝑠𝑡(𝑇𝑆, 𝑇𝑆′) =
min(𝑛,𝑛′)
∑

𝑖=1
𝑡𝑒𝑠𝑡𝐷𝑖𝑠𝑡(𝑡𝑖, 𝑡′𝑖) + |𝑛 − 𝑛′| ⋅ ‖𝐹 ∪ 𝐹 ′

‖ (2)

The distance between two test suites is the sum of the distances 
between two test cases 𝑡𝑖 and 𝑡′𝑖 , where 𝑖 goes from 1 to the minimum 
between 𝑛 and 𝑛′. If there are tests for which it is not possible to 
compute the test distance, i.e., 𝑛 is greater than 𝑛′ or vice versa, we 
increase the test distance by the number of excess tests multiplied by 
the number of features in 𝐹𝑀 and 𝐹𝑀 ′ (representing the maximum 
distance).

Example 4.  Let us consider the test distances computed in Example  3. 
As the two test suites have the same number of test cases, the distances 
between 𝑇𝑆 and 𝑇𝑆′ is simply obtained by summing all 𝑡𝑒𝑠𝑡𝐷𝑖𝑠𝑡(𝑡, 𝑡′). 
Thus, 𝑡𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒𝐷𝑖𝑠𝑡(𝑇𝑆, 𝑇𝑆′) = 1.

Note that the test distance depends on the order in which test cases 
are considered. Thus, if we shuffle the test cases in 𝑇𝑆′, we obtain 
different values, as reported in the following table:

 𝑡 ∈ 𝑇𝑆 𝑡′ ∈ 𝑇𝑆′ 𝐹 ∩ 𝐹 ′ 𝑡(𝑓 ) ≠ 𝑡′(𝑓 ) 𝐹𝛥𝐹 ′ 𝑡𝑒𝑠𝑡𝐷𝑖𝑠𝑡(𝑡, 𝑡′) 
 𝑡1 𝑡4 {𝐴,𝐵} {𝐵} ∅ 1  
 𝑡2 𝑡3 {𝐴,𝐵} {𝐴,𝐵} ∅ 2  

In this case, 𝑡𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒𝐷𝑖𝑠𝑡(𝑇𝑆, 𝑇𝑆′) = 3.

As defined above, the distance between two test suites of different 
sizes depends on the order in which the tests are considered when 
comparing the two tests suites. A shuffling of the larger test suite can 
increase or decrease its distance from the smaller test suite. To avoid 
this undesired effect, we formally define the dissimilarity as follows:

Definition 5 (Dissimilarity).  Given the test suites 𝑇𝑆 = {𝑡1...𝑡𝑛} derived 
from 𝐹𝑀 and 𝑇𝑆′ = {𝑡′1...𝑡′𝑛′} derived from 𝐹𝑀 ′, the dissimilarity is the 
minimum distance between 𝑇𝑆 and 𝑇𝑆′:

𝑑𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑇𝑆, 𝑇𝑆′) = min
𝑠ℎ𝑢𝑓𝑓𝑙𝑖𝑛𝑔𝑇𝑆,𝑇𝑆′

𝑡𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒𝐷𝑖𝑠𝑡(𝑇𝑆, 𝑇𝑆′)

Intuitively, the dissimilarity refers to the minimum distance be-
tween test suites, determined after calculating the distances for all 
possible permutations of test cases within the two test suites. The dis-
similarity aims at measuring the effort required to modify the artifacts 
derived from the test suite 𝑇𝑆 in order to adapt them to the new test 
suite 𝑇𝑆′. The definition is inspired by Devroey et al. (2016), Pett et al. 
(2021) which examined various types of distance measurement in the 
context of SPL testing and reported that Hamming distance (i.e., the 
number of points at which two corresponding tests are different Hem-
mati and Briand, 2010) is generally more effective than other distance 
measures. In our approach, features that are either removed or added, 
i.e., they belong to ‖𝐹 ∪𝐹 ′

‖, contribute to increase the distance among 
tests, regardless if they are selected or not. This is because the addition 
or removal of a feature requires the modification of the test.
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Example 5.  Let us consider the two distances between 𝑇𝑆 and 𝑇𝑆′

computed in Example  4. Since both TSs contain two test cases, the 
two distances 𝑡𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒𝐷𝑖𝑠𝑡(𝑇𝑆, 𝑇𝑆′) we computed cover all possi-
ble orderings. Thus, the dissimilarity is the minimum between them. 
i.e., 𝑑𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑇𝑆, 𝑇𝑆′) = 1

4.4. Specificity

We introduce the specificity (Bombarda et al., 2024) to measure if a 
test suite is suitable to target the edits applied to a feature model 𝐹𝑀
in its evolution to 𝐹𝑀 ′.

Definition 6 (Specific Test - Same Feature Set). Given the evolution of 
the feature model 𝐹𝑀 to 𝐹𝑀 ′ with the same feature set 𝐹 = 𝐹 ′, we 
say that a test 𝑡 is specific if and only if 𝑡 is valid for 𝐹𝑀 ′ and it is not 
in 𝐹𝑀 .

In this way, when a test is newly introduced for 𝐹𝑀 ′, it is consid-
ered specific. It clearly tests a product that before was not expected.

Example 6.  Let us consider the evolution from 𝐹𝑀 to 𝐹𝑀 ′ in Fig. 
3. Let us consider the test 𝑡 = {𝐴 ∶ ⊥,𝐵 ∶ ⊤} (valid configuration) for 
𝐹𝑀 ′, since it is not a valid test also for 𝐹𝑀 , it is specific for 𝐹𝑀 ′.

In case the modified feature model 𝐹𝑀 ′ changes also the feature 
set w.r.t. 𝐹𝑀 , checking if a test 𝑡 is specific for testing such changes, is 
more complex since the tests for 𝐹𝑀 cannot be applied as they are to 
𝐹𝑀 ′. In general, when we want to apply a test 𝑡 originally generated 
for 𝐹𝑀1 (with feature set 𝐹1) to another future model 𝐹𝑀2 (with a 
different feature set 𝐹2), we can assume that all the features in 𝐹𝑀2
but not in the original 𝐹𝑀1 must be considered as not selected in 𝑡. 
Formally, given 𝑡 a test for 𝐹𝑀1, we define a test 𝑡𝗉𝗋𝗈𝗃 (projection of 𝑡) 
for 𝐹𝑀2 as: 

𝑡𝗉𝗋𝗈𝗃(𝑓 ) =

{

𝑡(𝑓 ) 𝑓 ∈ (𝐹1 ∩ 𝐹2)
⊥ 𝑓 ∈ (𝐹2 ⧵ 𝐹1)

(3)

Intuitively, 𝑡𝗉𝗋𝗈𝗃 is equal to 𝑡 for all the features that were preserved, 
while it considers not selected all the features removed from 𝐹𝑀1. Note 
that the projection of a valid test could be invalid in another FM. By 
exploiting the projection of a test, we introduce the following definition 
of specific tests:

Definition 7 (Specific Test - Different Features). Given the evolution of 
the feature model 𝐹𝑀 to 𝐹𝑀 ′ with different feature sets 𝐹  and 𝐹 ′, we 
say that a test 𝑡 is specific if 𝑡 selects a new feature 𝑓 ∈ 𝐹 ′ where 𝑓 ∉ 𝐹 , 
i.e., ∃𝑓 ∈ 𝐹 ′ ⧵ 𝐹 ∶ 𝑡(𝑓 ) = ⊤ or if its projection 𝑡𝗉𝗋𝗈𝗃 would be invalid in 
𝐹𝑀 .

Example 7.  Let us consider the evolution from 𝐹𝑀 ′ to 𝐹𝑀 ′′ in Fig. 
3. During this evolution step, a feature (i.e., B) is removed and a new 
feature (i.e., C) is added. Thus, to understand whether a test is specific, 
we need to consider the projection of test cases, as reported in the 
following table:

 t New features 
selected?

𝑡𝗉𝗋𝗈𝗃 for 𝐹𝑀 ′ Valid in 
𝐹𝑀 ′?

Is specific? 

 𝑡5 3 – – 3  
 𝑡6 7 {𝐴 ∶ ⊤,𝐵 ∶ ⊥} 3 7  
 𝑡7 3 – – 3  
 𝑡8 7 {𝐴 ∶ ⊥,𝐵 ∶ ⊥} 7 3  

Definition 8 (Specificity of a Test Suite). Given a test suite 𝑇𝑆, we 
define the specificity as the number of tests that are specific to test 
𝐹𝑀 ′ divided by the total number of tests.

Example 8.  Let us consider the discussion given in Example  7. The 
specificity of 𝑇𝑆′′ is 𝑠𝑝𝑒𝑐(𝑇𝑆′′) = 3∕4 = 0.75.
6 
4.5. Mutation score

Another measure to evaluate the quality of a test suite is its muta-
tion score (Woodward, 1993). In our case, given a feature model 𝐹𝑀 , 
the mutation score of a test suite can be computed by generating 𝑁
mutants of 𝐹𝑀 thanks to the operators presented in Section 3.1, and 
by counting the number of mutants that are killed. As defined in the 
literature, a mutant is killed by a test suite 𝑇𝑆 if at least a test 𝑡 in 𝑇𝑆
becomes invalid because of that mutant. The mutation score will be 
the number of killed mutants divided by 𝑁 . A test suite that achieves 
a high mutation score demonstrates its ability to detect subtle changes 
(mutants) in the FM under analysis. This implies the test suite is more 
likely to detect real faults introduced during development or evolution.

5. Policies

In this section, we present the test generation strategies we have 
identified for testing evolving FMs, and we highlight their pros and 
cons. More specifically, when a model 𝐹𝑀 evolves in a new 𝐹𝑀 ′, 
testers may choose to generate a new test suite from scratch (GFS Cal-
vagna et al., 2013), to start from an existing test suite (GFE Bombarda 
et al., 2023), or to focus the new test suite on having specific char-
acteristics, such as the highest specificity (SPECGEN Bombarda et al., 
2024).

5.1. Generation from scratch (GFS)

When the FM evolves, the typical approach for obtaining a new test 
suite is to generate tests from scratch. In this process, the evolved FM 
is provided as input to a test generator, which produces an entirely 
new test suite. Despite being trivial, this technique presents many 
drawbacks:

• Some of the test cases previously generated for 𝐹𝑀 may be still 
valid for 𝐹𝑀 ′, but GFS does not take them into account;

• For complex FMs, regenerating the whole test suite may require 
considerable time;

• Tests previously manually written for 𝐹𝑀 to test specific critical 
configurations (which are still valid for 𝐹𝑀 ′) may be lost, while 
it would be better to keep them;

• Old and discarded test cases cannot be used anymore for regres-
sion testing (Legunsen et al., 2016).

These issues can be addressed if the test generation for 𝐹𝑀 ′ starts from 
already existing test cases, as proposed by the GFE approach explained 
in the following.

5.2. Generation from existing tests (GFE)

As previously discussed, reusing test suites upon FM evolution can 
provide several advantages and solve most of the limitations of the GFS 
approach. In this section, we present our GFE policy which exploits the 
test generation from seeds (Bombarda and Gargantini, 2022, 2023). 
In principle, generating tests starting from seeds is claimed to be 
important (Cohen et al., 1997), and supported by most combinatorial 
test generators, such as ACTS (Yu et al., 2013), jenny (Anon, 2023), 
PICT (Czerwonka, 2022a), and pMEDICI (Bombarda and Gargantini, 
2023). However, not all tools support using invalid tests as seeds. In the 
case of FM evolution, instead, some tests may become invalid because 
of the restriction of the set of valid products, some feature is removed, 
or new features are added. For this reason, we here report how we have 
implemented the GFE policy (Bombarda et al., 2023) and supported 
invalid tests as seeds in pMEDICI, which generates combinatorial test 
suites by mapping the FM into the corresponding DD representation 
IPM (as introduced in Section 2.3).
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Test suite pre-processing and repairing. At the beginning of test genera-
tion for the feature model 𝐹𝑀 ′, all tests in 𝑇𝑆, originally generated 
for 𝐹𝑀 , are added to the seed set. For each test 𝑡 in 𝑇𝑆, we construct 
a new test case by including only the assignments from 𝑡 that remain 
valid in 𝐹𝑀 ′. This reconstruction is carried out, for each test 𝑡, feature 
by feature. If a feature 𝑓 no longer exists in 𝐹𝑀 ′, it is skipped. If the 
current assignment to 𝑓 is still valid (it can be easily checked by using 
the DD representation of both tests and 𝐹𝑀 ′, as reported in Section 2.4) 
the assignment is retained in the test under construction. Otherwise, the 
assignment is discarded, and we proceed to the next one. At the end of 
this process, we will have a set of tests partially filled with the old tests 
of 𝑇𝑆 and, then, the actual test generation of pMEDICI can start.
Test completion. During the test completion phase for the GFE ap-
proach, the test suite previously produced is enhanced to cover all 
t-tuples of interest. This process is carried out thanks to the internal 
structure of the pMEDICI tool: Each test case is stored in a structure 
called text context, which contains all assignments committed to the 
single test so far and all constraints represented through a DD (see 
Section 2.4). Thus, after the pre-processing phase, a set of test contexts 
is created and each of them contains the assignments from 𝑇𝑆 still valid 
for 𝐹𝑀 ′. By starting from this set of assignments, pMEDICI considers 
all t-tuples for 𝐹𝑀 ′ needing to be covered. For each t-tuple, if it is not 
already covered, we add it to an existing test context (if possible) or 
we build a new test context (and hence a test). In the end, pMEDICI 
produces a test suite 𝑇𝑆′ that is valid and achieves the combinatorial 
coverage for 𝐹𝑀 ′, but it reuses the old test suite 𝑇𝑆 as much as 
possible, thanks to the test suite pre-processing and repairing process 
previously described: Test seeds, which are derived from the original 
test suite generated for 𝐹𝑀 , are used when generating a test suite for 
𝐹𝑀 ′.

5.3. Generation of specific tests (SPECGEN)

Upon FM evolution, one may generate a test suite still achieving 
the desired t-wise coverage, but with most of the test cases focusing on 
new products and, thus, being specific as defined in Section 4.4. For this 
reason, in Bombarda et al. (2024) we introduced SPECGEN, a DD-based 
approach generating test suites maximizing the specificity.

The procedure implemented by the SPECGEN approach is reported 
in Algorithm 1.

It starts by considering the two FMs, 𝐹𝑀 and its evolution 𝐹𝑀 ′, 
and the set of all t-tuples of features to be covered (i.e., those that 
can be derived from 𝐹𝑀 ′). First, 𝑑𝑑𝑖𝑛𝑖𝑡𝑖𝑎𝑙 (line 1) is computed by 
intersecting the negation of 𝑑𝑑(𝐹𝑀) and 𝑑𝑑(𝐹𝑀 ′). This DD represents 
all the possible specific tests we are looking for. However, the evolution 
of 𝐹𝑀 in 𝐹𝑀 ′ may lead to having only non-specific test cases (see 
the definition in Section 3). Thus, the cardinality of the DD obtained 
with the intersection (line 7) may be null and, in that case, the test 
generation is performed without considering specific tests.

Then, the process of collecting all the t-tuples 𝑡𝑝 in 𝑇𝑃  (line 9–19) 
is performed. During this process, the compatibility of each t-tuple 𝑡𝑝
with 𝐹𝑀 ′ is checked. As done for the previous DD, the compatibility 
is checked by using the intersection between the DD representing 
𝑡𝑝, i.e., 𝑑𝑑(𝑡𝑝), and the one of 𝐹𝑀 ′, i.e., 𝑑𝑑(𝐹𝑀 ′), at line 10, and 
computing its cardinality. If 𝑡𝑝 can be covered and specific tests can 
be generated, the tryToCover function, at line 14, is called. The 
algorithm implemented by this function is reported in Algorithm 2 and 
it is an instantiation of the monitoring strategy described in Bombarda 
and Gargantini (2020): It checks whether a test generated for one set 
of t-tuples inadvertently covers other t-tuples, thereby minimizing the 
overall size of the final test suite. This function tries to cover the t-
tuple 𝑡𝑝 using one of the already generated tests in 𝑇𝑆, if possible 
(line 3–6), or to create a new test starting from 𝑑𝑑𝑛𝑜𝑡𝑝 (line 8–11). In 
the first scenario, given 𝑡𝑑𝑑 as the DD representing the test that can 
cover 𝑡𝑝, 𝑡  is updated by intersecting it with the DD of the t-tuple 
𝑑𝑑
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Algorithm 1 Algorithm generating specific combinatorial test suites.
Input: 𝐹𝑀 the original feature model
Input: 𝐹𝑀 ′ the evolved feature model
Input: 𝑇𝑃 the set of all the t-tuples derivable from 𝐹𝑀 ′

Output: the specific test suite
⊳ Initial DD from which specific tests can be derived

1: 𝑑𝑑𝑖𝑛𝑖𝑡𝑖𝑎𝑙 ← ¬𝑑𝑑(𝑓𝑚) ∧ 𝑑𝑑(𝐹𝑀 ′)
2: if 𝑠𝑖𝑧𝑒(𝑑𝑑𝑖𝑛𝑖𝑡𝑖𝑎𝑙 ) = 0 then ⊳ 𝐹𝑀 ′ only restricts the set of valid products
3:  𝑠𝑘𝑖𝑝𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐 ← true
4: else
5:  𝑠𝑘𝑖𝑝𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐 ← false
6: end if
7: 𝑇𝑠 ← ∅ ⊳ Set of DDs for specific tests
8: 𝑇𝑛𝑠 ← ∅ ⊳ Set of DDs for non-specific tests
9: for all 𝑡𝑝 ∈ 𝑇𝑃 do ⊳ Iterate over all the t-tuples
10:  if 𝑠𝑖𝑧𝑒(𝑑𝑑(𝑡𝑝) ∧ 𝑑𝑑(𝐹𝑀 ′)) = 0  then ⊳ Check the validity of the t-tuple
11:  continue next 𝑡𝑝
12:  end if
13:  if ¬𝑠𝑘𝑖𝑝𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐 then

 ⊳ Look for a specific test that can cover 𝑡𝑝
14:  if tryToCover(𝑑𝑑(𝑡𝑝),𝑇𝑠,𝑑𝑑𝑖𝑛𝑖𝑡𝑖𝑎𝑙) then 
15:  continue next 𝑡𝑝
16:  end if
17:  end if

 ⊳ No specific test can cover 𝑡𝑝
18:  tryToCover(𝑑𝑑(𝑡𝑝),𝑇𝑛𝑠,𝑑𝑑(𝐹𝑀 ′)) 
19: end for
20: 𝑇𝑆 ← 𝑇𝑠 ∪ 𝑇𝑛𝑠
21: return 𝑇𝑆.𝑓𝑜𝑟𝐸𝑎𝑐ℎ().𝑔𝑒𝑡𝑇 𝑒𝑠𝑡𝐶𝑎𝑠𝑒()

Algorithm 2 Function trying to cover a t-tuple.
Input: 𝑡𝑝𝑑𝑑 the DD of t-tuple desired to cover
Input: 𝑇𝑆 the set of existing DDs
Input: 𝑑𝑑𝑛𝑜𝑡𝑝 the DD when no t-tuple is committed
Output: 𝑡𝑟𝑢𝑒 iff a test covering 𝑡𝑝 is found or generated
1: function tryToCover(𝑡𝑝, 𝑇𝑆, 𝑑𝑑𝑛𝑜𝑡𝑝)
2:  for all 𝑡𝑑𝑑 ∈ 𝑇𝑆 do
3:  if 𝑠𝑖𝑧𝑒(𝑡𝑑𝑑 ∧ 𝑡𝑝𝑑𝑑 ) ≠ 0  then ⊳ Can 𝑡 cover 𝑡𝑝?
4:  𝑡𝑑𝑑 ← 𝑡𝑑𝑑 ∧ 𝑡𝑝𝑑𝑑
5:  return true
6:  end if
7:  end for
8:  if 𝑠𝑖𝑧𝑒(𝑑𝑑𝑛𝑜𝑡𝑝 ∧ 𝑡𝑝𝑑𝑑 ) ≠ 0  then ⊳ Can 𝑡𝑝 be covered by a new test? 
9:  𝑇𝑆 ← 𝑇𝑆 ∪ {𝑑𝑑𝑛𝑜𝑡𝑝 ∧ 𝑡𝑝𝑑𝑑}
10:  return true
11:  end if
12:  return false
13: end function

𝑡𝑝, denoted as 𝑡𝑝𝑑𝑑 (line 4). In the second scenario, the test suite 𝑇𝑆 is 
expanded by adding a new DD corresponding to the test derived from 
the intersection of 𝑑𝑑𝑛𝑜𝑡𝑝 and the DD of the t-tuple 𝑡𝑝, i.e., 𝑡𝑝𝑑𝑑 (line 9).

Resuming analyzing Algorithm 1, in case tryToCover succeeds in 
covering 𝑡𝑝, the next t-tuple is analyzed. Otherwise, the tryToCover
function is executed over the set of non-specific test cases (line 18). 
At the end, after having iterated over all possible t-tuples, the union 
between the DDs representing specific tests 𝑇𝑠 and non-specific tests 
𝑇𝑛𝑠 is computed (line 20). By extracting from each of the DDs a single 
test case (i.e., a path leading to the T leaf), the algorithm obtains a test 
suite maximizing specificity and achieving the t-wise coverage.

6. Experiments

In this section, we compare the three test generation policies pro-
posed in Section 5 and we evaluate them by using the metrics we 
discussed in Section 4. We introduce our experimental methodology 
in Section 6.1, our results in Section 6.2 and, finally, we discuss them 
in Section 6.3. During our experiments, we considered the following 
research questions:

Q1 How does the test suite generation time relate with the test 
generation policy?

Q2 Is there a correlation between the test suite size and the chosen 
test generation policy?
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Table 3
List of the FM evolution examples from the literature.
 Example V M #F #P Ref. Example V M #F #P Ref.  
 AmbAssistLiving 2 214 24–32 9.8⋅104–5.0⋅107 Gámez and Fuentes (2011) SmartHotel 2 90 6–8 6–30 Arcega et al. (2016)  
 AutomotiveMult. 3 178 6–13 5–192 Seidl et al. (2012) Smartwatch 2 145 12–15 96–192 Ali and Hoing (2019)  
 Boeing 3 90 5–6 2–2 White et al. (2014) WeatherStat. 2 181 22–23 528–660 Anon (2022b)  
 CarBody 4 213 6–13 4–40 Pleuss et al. (2012) MobileMedia 6 524 11–26 2–272 Figueiredo et al. (2008) 
 Linux (Simple) 3 115 5–10 7–33 Nieke (2021) HelpSystem 2 193 25–26 672-103 Štuikys et al. (2016)  
 ParkingAssistant 5 336 6–16 1–32 Botterweck et al. (2010) SmartHome 2 294 38–61 9.0⋅105-3.9⋅109 Santos et al. (2015)  
 Pick&PlaceUnit 9 699 5–11 3–81 Bürdek et al. (2016) ERP 2 298 42–57 2.6⋅104-2.6⋅105 S.P.L.O.T. (2025)  
 BCS 3 247 13–17 128–768 Pett et al. (2021)  
Q3 Which is the test generation policy producing, for 𝐹𝑀 ′, test suites 
with the lowest dissimilarity from those for 𝐹𝑀?

Q4 How does the specificity of a test suite relate to the chosen test 
generation policy?

Q5 How does the choice of the generation strategy impact on the 
mutation score of the produced test suites?

6.1. Experimental methodology

In this section, we describe the experimental methodology we have 
used for this paper. All experiments have been performed using the 
models listed in Table  3 and taken from the relevant literature in the 
FM evolution domain. More specifically, in order to answer the research 
questions listed above, we have gathered a set of 15 FMs and their 
evolutions, for a total of 50 models coming from real case studies, as 
done in Bombarda et al. (2023, 2024). Despite using the same models as 
our previous works, the results reported in this paper differ due to the 
changes we have made to the definitions of specificity and dissimilarity. 
More precisely, the new definitions are stricter, resulting in generally 
higher dissimilarity compared to Bombarda et al. (2023) and lower 
specificity compared to Bombarda et al. (2024). Additionally, for this 
work, we have included models obtained by applying the mutations 
presented in Table  2 to the industrial FMs: Starting with any of the 
models in Table  3, we artificially generated a new set of FMs. Each FM 
in this set is produced from an initial model with one of the mutations 
applied. The aim of including artificially generated FM evolutions is 
twofold: First, we increase the experimental dataset size; Second, we 
are able to analyze the performance of each test generation policy 
when a limited and known update is applied to the FM. However, some 
mutations can produce a high number of FMs. For example, starting 
from a single FM, the LogicOrToAnd will return a set of 𝑁 FMs, 
and in each of them, a single OR will be changed into an AND in 
the constraints. To keep under control the number of FMs used in our 
analysis we limit up to 50 the number of FMs generated by applying 
a specific mutation to a single FM. Table  3 reports the number of 
versions (V), the number of mutants we generated for each FM (M), the 
minimum and maximum number of features including core and dead 
ones) across all the evolutions (#F), the minimum and the maximum 
number of products (#P), and the reference to the paper where the 
models come from. For the models having more than a single evolution 
step, we considered evolutions only between two consecutive steps 
(i.e., we compare the version 𝑣1 with the version 𝑣2, then 𝑣2 with 𝑣3, 
and so on). In this way, in total, we considered 35 evolutions. 

For each FM, we generate a test suite using all the policies discussed 
in Section 5 and we record the test suite generation time and size, the 
dissimilarity, the specificity, and the mutation score. For GFE, which 
requires a test suite for the original FM to be given as a starting point, 
we generated it by using ACTS (Yu et al., 2013).

All the experiments have been repeated 10 times to reduce the 
influence of non-deterministic timing, on an Apple MacBook Pro using 
an M3 Max CPU, with 14 cores and 36 GB RAM. In such a way, with 
all FM evolution analyzed, we performed 32,558 test generations for 
each policy. Code, experiments, and experiment results are available 
online (Bombarda et al., 2025).
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We compare the results obtained by each test generation policy and 
for each measure, across all FM evolutions, by using the Wilcoxon2 Sum 
Rank test (Woolson, 2008), a general test comparing the distributions 
in paired samples that does not require data to be normally distributed. 
Given 𝑥 the measure to be compared between the two techniques, the 
Wilcoxon Sum Rank test is performed using a significance level 𝛼 = 0.05
and with a null hypothesis 𝐻0 stating that the distributions of 𝑥 in the 
two techniques are equal, and two-sided alternative hypotheses 𝐻1

+

and 𝐻1
−.

6.2. Experimental results

In the following, we discuss the results measured after our experi-
ments, guided by the previously defined five research questions. Note 
that in the tables we report the average values, which differ from the 
median values reported with a line in each box in the figures.
RQ1. Generation time. As presented in Section 4, one of the most 
common metrics for evaluating test generation strategies is the test 
suite generation time. Thus, in this research question, we evaluate the 
three analyzed policies (GFS, GFE, and SPECGEN) by comparing the 
time 𝑡 required for generating a test suite.

A box plot with the test generation times is shown in Fig.  5(a). 
The plot highlights that SPECGEN is the approach having a higher 
median value (𝑚𝑒𝑑(𝑡𝑆𝑃𝐸𝐶𝐺𝐸𝑁 ) = 13 ms), while GFE and GFS per-
form comparably in terms of median value (𝑚𝑒𝑑(𝑡𝐺𝐹𝐸 ) = 1 ms and 
𝑚𝑒𝑑(𝑡𝐺𝐹𝑆 ) = 1 ms). When it comes to the average value, SPECGEN 
stands out as the one with the highest value, with an average time of 
262.3 ms and a standard deviation of 8.5 s. In contrast, GFE and GFS 
exhibit significantly different performance, with an average time of 
231.2 ms for GFE and 144.5 ms for GFS, along with standard deviations 
of 5.6 s and 0.9 s, respectively. These observations are confirmed by 
the statistical test. The result is statistically significant between GFS 
and SPECGEN (𝑝 = 0.0), GFS and GFE (𝑝 = 4.1 ⋅ 10−47), and between 
SPECGEN and GFE (𝑝 = 0.0).

We investigated the reason for the difference between the conclu-
sions we can draw from median and average values. We found that, 
in many cases, GFE is faster than GFS, and this contributes to the con-
flicting results. In particular, as experienced in Bombarda et al. (2023), 
for small models, GFE is faster than GFS (although the difference is 
negligible, considering the relatively short generation times) while for 
the biggest models (namely ERP and SmartHome) GFE requires much 
more time than GFS. This drives the average generation time to a higher 
value.

To identify different possible patterns with mutations, we report 
in Fig.  5(b) a box plot analyzing the correlation between times with 
different test generation policies and mutations. We can observe that 
the general trend holds: SPECGEN emerges as the approach that yields 
the highest median time. Certain mutations, like LogicOrToAnd, 
experience a more significant impact when using SPECGEN, while 
others, such as ImpliesToIf, exhibit less pronounced consequences.

2 We used the Wilcoxon test implemented in the scipy.stats library
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Fig. 5. Test suite generation time.
Table 4
Summary of statistical test results on test suite generation time.
 Mutation Average time [ms] Non-sig. tests 
 GFS GFE SPECGEN  
 AlToAnd 125.8 166.7 82.9  
 AlToAndOpt 144.3 181.9 90.2  
 AlToOr 162.7 212.1 89.4  
 AndToAl 233.2 343.4 297.4  
 AndToOr 332.3 447.6 292.8  
 ConstraintRemover 477.9 709.4 225.5  
 ConstraintSubst 306.9 414.1 188.4  
 ImpliesToIff 2.0 2.9 24.9 GFE vs GFS  
 LiteralChg 269.9 364.6 162.8  
 LogicOrToAnd 1379.9 1837.0 17671.6  
 ManToOpt 168.1 233.5 243.9  
 MissingFeature 172.9 240.0 247.4  
 MoveFeature 82.5 119.9 133.7  
 Negation 479.5 714.5 177.8  
 OptToMan 273.2 853.4 1348.1 GFE vs GFS  
 OrToAl 266.2 438.4 347.3  
 OrToAnd 253.6 313.4 340.6 GFE vs GFS  
 OrToAndOpt 253.0 304.6 346.0 GFE vs GFS  
 RequiresToExcludes 1.1 1.3 15.1 GFE vs GFS  

The summary results of the statistical tests are reported in Ta-
ble  4 where, for each mutation, we list the average time of each 
test generation policy and the tests that are non-statistically relevant 
(i.e., for which it is not possible to claim that a technique performs 
better than the other). Thanks to the results we obtained with the 
statistical test, we can claim that, in general, it is always possible 
to define which is the best-performing approach upon FM evolution, 
except for the cases in which GFE and GFS behave in a statistically 
similar way (ImpliesToIff, OptToMan, OrToAnd, OrToAndOpt, 
and RequiresToExcludes).

All in all, based on the summary of the results we report in Table  4, 
we can state that SPECGEN should be preferred, in terms of average test 
suite generation time, when adding new valid configurations (i.e., sub-
stituting an Alternative relation with an And or Or, when removing or 
substituting constraints and/or literals). In all the other cases, GFS and 
GFE should be preferred and, for complex FMs, the former has better 
performance than the latter.
RQ2. Test suite size. In this research question, we evaluate the three 
analyzed policies (GFS, GFE, and SPECGEN) by comparing the size 
9 
𝑠 of the generated test suites, i.e., the number of test cases. As all 
three techniques under analysis produce test suites that encompass all 
pairwise feature interactions, testers goal is to generate the smallest 
possible test suites. Reducing the size of these test suites helps save time 
during test execution while maintaining effectiveness, as each pair will 
still be covered.

A box plot with the test suite size is shown in Fig.  6(a). The plot 
highlights that SPECGEN is the approach having a higher median value 
(𝑚𝑒𝑑(𝑠𝑆𝑃𝐸𝐶𝐺𝐸𝑁 ) = 12), followed by GFS (𝑚𝑒𝑑(𝑠𝐺𝐹𝑆 ) = 11) and GFE 
(𝑚𝑒𝑑(𝑠𝐺𝐹𝐸 ) = 10). When it comes to the average value, SPECGEN 
recorded the highest value, with an average test suite size of 14.3 
and a standard deviation of 12.4, followed by GFS with an average 
test suite size of 12.7 and a standard deviation of 10.2, and by GFE 
with an average test suite size of 9.4 and a standard deviation of 5.5. 
These observations are confirmed by the statistical test. The result is 
statistically significant between GFS and SPECGEN (𝑝 = 1.8⋅10−46), GFS 
and GFE (𝑝 = 2.6 ⋅ 10−111), and between SPECGEN and GFE (𝑝 = 0.0).

In conclusion, we can state that SPECGEN is the tool generating 
the largest test suites, followed by GFS and GFE. This result high-
lights that focusing on generating specific test cases can diminish 
the combinatorial coverage of certain tests (those that are specific). 
Consequently, additional test cases are required to obtain the desired 
coverage. Furthermore, reusing an optimized test suite as a starting 
point (such as the one generated by ACTS) significantly influences the 
outcome of the test generation process.

As done in RQ1, to identify different possible patterns with mu-
tations, we report in Fig.  6(b) a box plot analyzing the correlation 
between test suite size with different test generation policies and muta-
tions. We can observe that the same trend holds considering all models 
as a whole: SPECGEN is the policy generating the highest number of 
test cases. Similar conclusions can be drawn by looking at the average 
values and statistical test results reported in Table  5. For all mutations, 
GFE is always the policy leading to the smallest test suite, followed by 
GFS and SPECGEN. In most cases (10 out of 19), GFE and GFS perform 
statistically equally. For eight mutations, SPECGEN generates a test 
suite with a comparable size to GFS. The only case in which SPECGEN 
is not the approach generating the largest test suite is the OrToAl
mutation, but in this case, the test is not statistically significant.

All in all, we can state that GFE or GFS should be preferred, in terms 
of test suite size in all cases, while SPECGEN is always the worst test 
generation policy or behaves comparably to the others we analyzed.
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Fig. 6. Test suite size.
Table 5
Summary of statistical test results on test suite size.
 Mutation Average size Non-sig. tests  
 GFS GFE SPECGEN  
 AlToAnd 11.7 11.1 13.8 GFS vs GFE  
 AlToAndOpt 11.5 10.8 13.7 GFS vs GFE  
 AlToOr 11.9 11.1 14.8 GFS vs GFE  
 AndToAl 14.0 11.6 14.8 GFS vs SPECGEN 
 AndToOr 15.1 11.1 16.3  
 ConstraintRemover 10.8 9.6 11.4 All  
 ConstraintSubst 7.6 7.0 8.4 All  
 ImpliesToIff 9.7 9.2 12.6 GFS vs GFE  
 LiteralChg 7.3 6.7 8.6 All  
 LogicOrToAnd 15.5 12.3 17.6 All  
 ManToOpt 15.2 10.6 16.8  
 MissingFeature 16.4 10.1 18.3  
 MoveFeature 10.9 8.5 12.5  
 Negation 9.6 8.7 9.6 All  
 OptToMan 16.6 9.8 19.6  
 OrToAl 16.9 12.2 16.3 GFS vs SPECGEN 
 OrToAnd 17.9 11.1 21.1  
 OrToAndOpt 17.7 11.0 21.1  
 RequiresToExcludes 9.1 8.6 10.0 All  

RQ3. Test suite dissimilarity. In this research question, we evaluate the 
three analyzed policies (GFS, GFE, and SPECGEN) by comparing the 
dissimilarity 𝑑 between the test suites generated after FM evolution and 
those generated for the original FM from which the evolution began.

A box plot with the test suite dissimilarity is shown in Fig.  7(a). The 
plot highlights that SPECGEN is the approach having a higher median 
value (𝑚𝑒𝑑(𝑑𝑆𝑃𝐸𝐶𝐺𝐸𝑁 ) = 24.3%), followed by GFS (𝑚𝑒𝑑(𝑑𝐺𝐹𝑆 ) = 22.0%) 
and GFE (𝑚𝑒𝑑(𝑑𝐺𝐹𝐸 ) = 8.0%).

The same ranking can be observed when considering the average 
dissimilarity value for each test generation policy. SPECGEN recorded 
the highest value, with an average dissimilarity of 32.0% and a stan-
dard deviation of 25.7%, followed by GFS with an average dissimilarity 
of 30.0% and a standard deviation of 27.7%, and by GFE with an 
average dissimilarity of 17.7% and a standard deviation of 25.7%. 
These observations are confirmed by the statistical test. The result is 
statistically significant between GFS and SPECGEN (𝑝 = 1.1 ⋅ 10−47), 
GFS and GFE (𝑝 = 0.0), and between SPECGEN and GFE (𝑝 = 0.0).

In conclusion, we can state that GFE is the approach leading to test 
suites with lower dissimilarity, followed by GFS and SPECGEN. This 
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is an expected outcome, as GFE starts its generation process from an 
already-existing test suite (i.e., the one of the original model). Thus, 
only minor changes, deletions, or additions are performed and the 
dissimilarity is kept under control. On the other side, SPECGEN focuses 
on covering ‘‘new’’ products and this contributes to increasing the 
dissimilarity.

We have analyzed the impact of choosing one specific test gen-
eration strategy when models undergo specific evolutions to identify 
different possible patterns with mutations. We report in Fig.  7(b) a box 
plot analyzing the test suite dissimilarity with different test generation 
policies and mutations. The results we obtained confirm the trend 
observed when considering all test suites as a whole: GFE is, for 
all mutations, the approach leading to the lowest dissimilarity, while 
SPECGEN and GFS produce more dissimilar test suites. The impact 
of using GFE is, however, not the same for all mutations, and the 
variability of results strongly varies. While for most mutations the vari-
ability decreases, for the LiteralChg, AndToAl, LogicOrToAnd, 
and ConstraintSubst mutations the dissimilarity decreases but the 
variability remains at a high level, with AndToAl having a higher vari-
ability with GFE than with SPECGEN. However, despite this variability, 
the statistical test results reported in Table  6 confirm that GFE is the 
policy with the lower dissimilarity. With most of the mutations (10 out 
of 19), GFS obtained the same statistical results as SPECGEN, while for 
the others GFS led to a lower dissimilarity.

All in all, we can state that when the lowest dissimilarity is pur-
sued, GFE should be always preferred, while SPECGEN and GFE are 
comparable.

RQ4. Test suite specificity. In this research question, we evaluate the 
three analyzed policies (GFS, GFE, and SPECGEN) by comparing the 
specificity 𝑠𝑝𝑒𝑐 of the test suites they generate (see Section 4.4).

A box plot with the value of the average specificity recorded when 
generating test suites with different policies is shown in Fig.  8(a). 
The plot highlights that SPECGEN is the approach having the high-
est median value (𝑚𝑒𝑑(𝑠𝑝𝑒𝑐𝑆𝑃𝐸𝐶𝐺𝐸𝑁 ) = 33.3%), followed by GFE 
(𝑚𝑒𝑑(𝑠𝑝𝑒𝑐𝐺𝐹𝐸 ) = 16.7%) and GFS (𝑚𝑒𝑑(𝑠𝑝𝑒𝑐𝐺𝐹𝑆 ) = 10.0%). The same 
ranking can be observed when considering the average specificity value 
for each test generation policy. SPECGEN recorded the highest value, 
with an average specificity of 38.2% and a standard deviation of 37.3%, 
followed by GFE with an average specificity of 26.8% and a standard 
deviation of 30.0%, and by GFS with an average specificity of 26.1% 
and a standard deviation of 31.6%. These observations are confirmed 
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Fig. 7. Test suite Dissimilarity.
Table 6
Summary of statistical test results on test suite dissimilarity.
 Mutation Average dissimilarity [%] Non-sig. tests  
 GFS GFE SPECGEN  
 AlToAnd 28.1 20.6 32.7  
 AlToAndOpt 29.6 21.8 33.8  
 AlToOr 26.1 18.0 31.8  
 AndToAl 36.4 28.9 36.3 GFS vs SPECGEN 
 AndToOr 33.8 21.2 35.7  
 ConstraintRemover 34.2 26.5 38.6 GFS vs SPECGEN 
 ConstraintSubst 47.4 38.4 48.1 GFS vs SPECGEN 
 ImpliesToIff 18.2 11.3 25.4  
 LiteralChg 49.9 41.7 50.1 GFS vs SPECGEN 
 LogicOrToAnd 38.4 27.8 41.0 GFS vs SPECGEN 
 ManToOpt 33.3 18.6 36.5  
 MissingFeature 32.8 12.2 33.1 GFS vs SPECGEN 
 MoveFeature 26.0 14.9 28.0  
 Negation 36.3 28.0 37.7 GFS vs SPECGEN 
 OptToMan 37.4 18.6 38.3 GFS vs SPECGEN 
 OrToAl 32.4 17.9 31.2 GFS vs SPECGEN 
 OrToAnd 32.1 9.9 38.3  
 OrToAndOpt 32.6 10.4 37.7  
 RequiresToExcludes 17.1 10.6 22.1 GFS vs SPECGEN 

by the statistical test. The result is statistically significant between GFS 
and SPECGEN (𝑝 = 2.9 ⋅ 10−217), GFS and GFE (𝑝 = 2.4 ⋅ 10−24), and 
between SPECGEN and GFE (𝑝 = 3.9 ⋅ 10−150).

In conclusion, we can state that SPECGEN is the approach leading 
to test suites with higher specificity, followed by GFE and GFS. This is 
an expected outcome, as SPECGEN is an approach specifically designed 
to produce test suites maximizing the number of specific test cases.

We have analyzed the impact of choosing one specific test gener-
ation strategy when models undergo different evolutions to identify 
different possible patterns with mutations. We report in Fig.  8(b) a 
box plot showing the test suite specificity with different test generation 
policies and mutations. The results we obtained confirm the trend 
observed when considering all test suites as a whole: SPECGEN is, 
for most mutations, the approach leading to the highest specificity, 
while GFE and GFS produce less specific test suites. For some mu-
tations (OrToAl, OptToMan, LogicOrToAnd), however, SPECGEN 
and GFS are not able to generate highly specific test suites, while GFE 
succeeds. Similarly, for the ConstraintSubst, LiteralChg, and
Negation, SPECGEN can generate specific test suites, but with lower 
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Table 7
Summary of statistical test results on the specificity of test suites.
 Mutation Average specificity [%] Non-sig. tests  
 GFS GFE SPECGEN  
 AlToAnd 54.2 31.5 66.6  
 AlToAndOpt 53.3 31.4 65.8  
 AlToOr 36.1 28.6 57.7  
 AndToAl 50.9 53.3 56.6 GFE vs GFS  
 AndToOr 37.4 31.2 55.1  
 ConstraintRemover 27.6 32.9 38.2 All  
 ConstraintSubst 21.3 36.7 23.3 GFS vs SPECGEN 
 ImpliesToIff 13.6 12.7 15.2 All  
 LiteralChg 21.8 37.6 23.2 GFS vs SPECGEN 
 LogicOrToAnd 17.6 28.9 18.1 All  
 ManToOpt 34.7 26.3 61.9  
 MissingFeature 30.2 30.6 31.9 All  
 MoveFeature 19.9 23.5 31.7  
 Negation 25.8 34.4 24.4 GFS vs SPECGEN 
 OptToMan 13.9 19.0 16.3 GFS vs SPECGEN 
 OrToAl 13.9 16.8 14.3 All  
 OrToAnd 26.9 19.3 59.7  
 OrToAndOpt 25.3 18.5 60.2  
 RequiresToExcludes 18.4 15.2 16.2 All  

average specificity than those generated by GFE. We can conjecture 
that this is due to the repairing procedure implemented by GFE. It 
discards single assignments to repair test cases for the evolved models 
and, by doing this, it may generate test cases that are not optimized 
but are more specific. We have performed a set of statistical tests on 
each policy/mutation combination and Table  7 reports the outcome. 
These tests confirm our previous observations: For more than half of the 
mutations (10 out of 19), SPECGEN outperformed all other policies; For 
five mutations the three approaches performed in a statistically similar 
way.

All in all, we can state that when the highest specificity is pursued, 
SPECGEN should be preferred, except in the case in which mutations 
such as OrToAl, OptToMan, LogicOrToAnd, ConstraintSubst,
LiteralChg, and Negation are applied. In these cases, using GFE 
can be advantageous.
RQ5. Fault detection analysis. In this research question, we evaluate the 
three analyzed policies (GFS, GFE, and SPECGEN) by comparing the 
mutation score 𝑚 of the generated tests (see Section 4.5) and, thus, their 
fault detection capability.
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Fig. 8. Test suite specificity.
Fig. 9. Test suite mutation score.
A box plot with the mutation scores is shown in Fig.  9(a). The 
plot highlights that GFE is the approach having the highest median 
value (𝑚𝑒𝑑(𝑚𝐺𝐹𝐸 ) = 96.7%), followed by SPECGEN (𝑚𝑒𝑑(𝑚𝑆𝑃𝐸𝐶𝐺𝐸𝑁 ) =
94.1%) and by GFS (𝑚𝑒𝑑(𝑚𝐺𝐹𝑆 ) = 93.2%). The same ranking can be 
observed when considering the average mutation score for each test 
generation policy. GFE recorded the highest value, with an average 
mutation score of 84.8% and a standard deviation of 21.6%, followed 
by SPECGEN with an average mutation score of 77.7% and a standard 
deviation of 31.0%, and by GFS with an average mutation score of 
76.4% and a standard deviation of 31.9%. These observations are 
confirmed by the statistical test. The result is statistically significant 
between GFS and SPECGEN (𝑝 = 5.5 ⋅ 10−8), GFS and GFE (𝑝 = 6.9 ⋅
10−210), and between SPECGEN and GFE (𝑝 = 3.7⋅10−143). In conclusion, 
we can state that GFE is the approach leading to test suites with highest 
mutation score, followed by SPECGEN and GFS.
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As done with the previous RQs, we have analyzed the impact of 
choosing one specific test generation strategy when models undergo dif-
ferent evolutions to identify different possible patterns with mutations. 
We report in Fig.  9(b) a box plot analyzing the correlation between 
mutation scores with different test generation policies and mutations. 
The same considerations we drew when considering all test suites as 
a whole still hold: GFE is the policy with the highest mutation score, 
followed by SPECGEN and GFS which perform comparably. The only 
mutations for which GFE is outperformed by the other policies are
OrToAnd and OrToAndOpt, as shown by the average values and 
statistical tests results reported in Table  8. For most mutations (15 out 
of 19) GFS and SPECGEN perform in a comparable way, while only for 
two mutations (ImpliesToIif and RequiresToExcludes) there 
is no real advantage in using one specific policy.

All in all, we can conclude that for almost all mutations GFE is 
the best test generation policy when it comes to mutation score. The 
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Table 8
Summary of statistical test results on the mutation score of test suites.
 Mutation Average mutation score [%] Non-sig. tests  
 GFS GFE SPECGEN  
 AlToAnd 86.9 98.3 87.0 GFS vs SPECGEN 
 AlToAndOpt 85.3 98.4 85.9 GFS vs SPECGEN 
 AlToOr 88.0 98.0 87.7 GFS vs SPECGEN 
 AndToAl 82.5 91.7 83.8 GFS vs SPECGEN 
 AndToOr 85.0 92.2 85.8 GFS vs SPECGEN 
 ConstraintRemover 80.1 97.5 79.2 GFS vs SPECGEN 
 ConstraintSubst 63.8 97.3 64.9 GFS vs SPECGEN 
 ImpliesToIff 90.9 92.9 91.6 All  
 LiteralChg 63.1 96.7 63.8 GFS vs SPECGEN 
 LogicOrToAnd 73.4 97.0 73.5 GFS vs SPECGEN 
 ManToOpt 91.8 98.9 92.6 GFS vs SPECGEN 
 MissingFeature 77.8 83.0 78.6 GFS vs SPECGEN 
 MoveFeature 72.0 81.5 73.5  
 Negation 76.2 96.2 74.5 GFS vs SPECGEN 
 OptToMan 67.2 77.2 70.0  
 OrToAl 77.5 84.1 77.7 GFS vs SPECGEN 
 OrToAnd 90.7 88.0 92.5  
 OrToAndOpt 89.6 88.1 93.3  
 RequiresToExcludes 93.9 93.9 91.2 All  

Table 9
Best test generation policy for target.
 Time ↓ Size ↓ Dissimilarity ↓ Specificity ↑ Fault detection ↑ 
 GFS GFE GFE SPECGEN GFE  

only mutations for which SPECGEN is preferable are OrToAnd and
OrToAndOpt.

6.3. Discussion

In this section, we provide a summary discussion of the results 
we obtained with our RQs. This discussion aims to provide guidelines
allowing testers to decide what to do with their test cases upon FM 
evolution, depending on the specific target and mutations.

General comparison. Table  9 reports a summary of the best test 
generation policy depending on the target, in a general view. As previ-
ously discussed, GFE emerges as the best test generation policy for what 
concerns size, dissimilarity, and fault detection capability. SPECGEN 
is a policy suggested only when the maximum specificity is pursued, 
i.e., when testers want to focus mainly on the new valid configurations. 
Finally, GFS emerges as the best test generation policy if test suites have 
to be generated in the shortest possible time. However, if the FMs under 
test are complex, using GFE can be a more performing alternative.

Mutation-based comparison. Table  10, presents the ranking of test 
generation policies for each mutation, depending on the target. These 
results can be considered as a set of guidelines, to aid testers in choosing 
what to do with their test cases after FM evolution. In the following, 
we present a non-exhaustive list of typical scenarios and discuss the 
appropriate testing approaches for each of them:

• Standardizing a feature across all products: In this scenario, 
during the evolution, a previously optional feature becomes ma-
ndatory. This can occur due to system improvements or because 
of new regulations, such as the mandatory installation of the Anti-
lock Braking System in cars in Europe. In such cases, the evolution 
is likely to be implemented using the OptToMan mutation. For 
all targets (including time, size, dissimilarity, specificity, and fault 
detection), the GFE strategy should be adopted, as it consistently 
yields the best results.

• Deprecating a feature: In this scenario, during the evolution, a 
feature becomes deprecated and is removed from the products. 
This may happen because of technological advancements, such 
as in a desktop publishing application that removes its ‘‘‘Flash 
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Export’’ feature, as the technology is obsolete and no longer sup-
ported by modern web browsers. In such cases, the evolution is 
likely to be implemented using the MissingFeature mutation. 
For all targets, except for test generation time, generating test 
cases from an existing test suite (GFE) is the optimal choice. 
However, if the test generation must be completed as quickly as 
possible, using GFS is a better option.

• Refactoring an FM: In this scenario, the FM undergoes a refactor-
ing process to improve its clarity. This can occur because during 
the FM evolution, in several stages, new independent features 
have been added but they could be grouped under a parent fea-
ture. In such cases, no new features are added, but the evolution 
is likely to be implemented using the MoveFeature mutation. 
Considering that most of the FM will remain unchanged, it is 
generally recommended to generate test cases from the existing 
test suite (GFE).

• Removing or refactoring a constraint to increase options:
During the evolution of a system, the set of possible products can 
be expanded by removing or refactoring a cross-tree constraint. 
This might occur due to technological advancements or market 
repositioning. For instance, let us consider a company offering 
LLMs functionalities. Initially, only pro users could access the 
most advanced models. However, to gain a competitive edge, 
this constraint might be removed, allowing free-tier users to 
try the new models with potential usage limitations. In such 
cases, the evolution is likely to be implemented using the Con-
straintRemover, ConstraintSubst, or ManToOpt muta-
tions. Since testers may be interested in assessing the correct 
functioning of the newly added products, focusing on specific 
tests and using the SPECGEN approach is recommended. How-
ever, if testers still want to test existing products, GFE enables 
enhanced fault detection and reduced dissimilarity.

• Introducing new major system capabilities: During the evo-
lution, the set of possible products can be expanded by adding 
new capabilities. Let us consider the scenario in which a car 
manufacturer’s configuration system previously included a stan-
dard Radio with all trims. This feature could be evolved into 
a Media System group, from which customers can now choose 
a Standard Radio, a Touchscreen Display, or a Premium Sound 
System. In such cases, the evolution is likely to be implemented 
by using mutations expanding the set of possible products by 
only focusing on FM structure, such as AlToAnd, AlToOr, or
AlToAndOpt. Commonly, testers are interested in assessing the 
correct functioning of the newly added configurations. Thus, they 
may opt to generate specific tests and use the SPECGEN approach. 
However, if testers still want to test existing products, GFE or GFS 
enable reduced test suite size and dissimilarity and enhanced fault 
detection capability.

As a rule of thumb, however, we can see that GFE prevails as the best 
technique for most mutations and targets.

Dissimilarity vs specificity. In principle, the objective of mini-
mizing dissimilarity can conflict with the objective of increasing the 
specificity. Indeed, while minimizing the dissimilarity requires keeping 
a test suite that is the most similar as possible to the one previously 
generated for the initial version of a FM, increasing the specificity 
requires a test suite focusing on ‘‘new’’ configurations. The results 
presented in Tables  9 and 10 support this observation. GFE is the 
approach that enables the generation of test suites with reduced dis-
similarity, while SPECGEN, which concentrates on specific tests, is 
the approach that generates test suites with enhanced specificity. The 
choice of test generation approach depends on the specific case. If 
testers prioritize testing new products, achieving the highest specificity 
is the ideal choice. Conversely, if regression testing is crucial, reducing 
dissimilarity is typically the preferred strategy. 

Size/Dissimilarity vs fault detection. Testers always strive for 
maximum fault detection capability when testing FMs. Notably, the 
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Table 10
Test generation policy ranking for target and mutation (GE stands for GFE, GS is used for GFS, and SP stands for SPECGEN).
 Mutation Time↓ Size↓ Diss.↓ Spec.↑ Fault det.↑
 1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd 
 AlToAnd SP GS GE GE/GS SP GE GS SP SP GS GE GE SP/GS

 AlToAndOpt SP GS GE GE/GS SP GE GS SP SP GS GE GE SP/GS

 AlToOr SP GS GE GE/GS SP GE GS SP SP GS GE GE SP/GS

 AndToAl GS SP GE GE SP/GS GE SP/GS SP GE/GS GE SP/GS

 AndToOr SP GS GE GE GS SP GE GS SP SP GS GE GE SP/GS

 ConstraintRemover SP GS GE Any GE SP/GS Any GE SP/GS

 ConstraintSubst SP GS GE Any GE SP/GS GE SP/GS GE SP/GS

 ImpliesToIff GE/GS SP GE/GS SP GE GS SP Any Any

 LiteralChg SP GS GE Any GE SP/GS GE SP/GS GE SP/GS

 LogicOrToAnd GS GE SP Any GE SP/GS Any GE SP/GS

 ManToOpt GS GE SP GE GS SP GE GS SP SP GE/GS GE SP/GS

 MissingFeature GS GE SP GE GS SP GE SP/GS Any GE SP/GS

 MoveFeature GS GE SP GE GS SP GE GS SP SP GE GS GE SP GS  
 Negation SP GS GE Any GE SP/GS GE SP/GS GE SP/GS

 OptToMan GE/GS SP GE GS SP GE SP/GS GE SP/GS GE SP GS  
 OrToAl GS SP GE GE SP/GS GE SP/GS Any GE SP/GS

 OrToAnd GE/GS SP GE GS SP GE GS SP SP GS GE SP GS GE  
 OrToAndOpt GE/GS SP GE GS SP GE GS SP SP GS GE SP GE GS  
 RequiresToExcludes GE/GS SP Any GE SP/GS Any Any
data in Tables  9 and 10 reveal that GFE, which generates test cases 
based on an existing test suite, achieves the smallest test suite size and 
lowest dissimilarity while also delivering the highest fault detection. 
The only cases in which using SPECGEN achieves higher fault detection 
than GFE is with OrToAnd and OrToAndOpt. This is, in general, a 
noteworthy result, as it means that we can discover faults even when 
using smaller test suites. 

7. Threats to validity

In this section, we discuss the threats to validity (Feldt and Mag-
azinius, 2010) and all the strategies we have undertaken to mitigate 
them.

Internal validity refers to the fact that the different outcomes ob-
tained with the analyzed approaches are actually caused by the tech-
niques themselves and by the way the experiments were carried out, 
and not by methodological errors. To mitigate this risk, we have 
carefully checked the code implementing the experiments to see if there 
could be other factors that have caused the outcome, such as errors 
in the tools we exploited. A possible threat to the construct validity
comes from the assumption that the metrics we selected for comparing 
test generation approaches are suitable to measure the ‘‘quality’’ of 
a test suite or of a test generation policy for testing evolving FMs. 
To mitigate this risk, we have carefully checked the literature to find 
similar approaches. For example, regarding the test suite specificity, 
a similar metric was proposed by Arcaini et al. (2015), and it was 
used to identify distinguishing configurations, i.e., configurations that 
were valid in the old FM but not in the evolved one, or vice versa. 
Regarding test suite size and generation time, as well as mutation 
score, these are established measures in the field of test generation. 
Finally, regarding test suite dissimilarity, we rely on the literature for 
its definition, where similar distances are often used, as in Devroey 
et al. (2016). We acknowledge that there may be instances where our 
distance metric does not accurately reflect the actual effort required to 
modify an existing test suite. For example, we consider modifying a test 
to be significantly less costly than writing a new test. However, there 
are cases where a modified test or a new one may require the same 
level of effort, so any change to one test has the same weight.
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Lastly, external validity is concerned with whether we can generalize 
the results outside the scope of the presented study. Under this lens, 
one threat to external validity refers to the FMs we have used in 
the experiments discussed in Section 6. We have tried to collect as 
many examples as possible, and we believe that they are representative 
enough of the possible evolutions of FMs (different numbers of prod-
ucts and features). By employing synthetic models generated through 
mutations applied to the models we found in the literature, we believe 
that the generalizability of our findings is enhanced. Nevertheless, 
more complex models may exist in a real scenario and there may be 
scalability issues for which further experiments are needed, especially 
when using approaches employing DDs for test generation (Benavides 
et al., 2010; Bombarda and Gargantini, 2024b).

8. Related works

The evolution of FMs is a topic of great interest in software engineer-
ing, particularly in the areas of testing and requirements traceability. 
This problem is particularly important when software requirements are 
subject to frequent changes, such as during agile processes (Mendonça 
et al., 2024). However, to the best of our knowledge, this is the 
first work comparing such a comprehensive set of policies (GFE, GFS, 
and SPECGEN) using a set of five metrics (time, size, dissimilarity, 
specificity, and fault detection capability).

Testing FMs is not only conceptually important to ensure the proper 
functioning of the products but can be used to identify anomalies that 
could arise during FM evolution (Nieke et al., 2018; Neves et al., 2011). 
In this paper, we simulated FM evolution through artificially applied 
mutations. This approach is commonly applied in the literature (Bürdek 
et al., 2015). In Svahnberg and Bosch (1999), Thüm et al. (2009), 
the authors compared the FMs designed during software evolution and 
found out that some types of evolution actions are more common than 
others, but they also highlighted that arbitrary edits are commonly 
performed during the SPL life cycles. Thus, using artificial mutations 
can be a way to simulate real evolutions.

Practitioners normally address the problem of testing evolving FMs 
in two different directions: by trying to preserve a test suite as much 
as possible during the evolution process (as done by the GFE tech-
nique Bombarda et al., 2023), or by focusing on testing new products 
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that were not previously valid (as done by SPECGEN Bombarda et al., 
2024). The idea underlying approaches favoring the reuse of test cases 
is that, in this way, lower effort should be employed to write new test 
cases. Indeed, reusing test cases is recommended by many. In Makady 
and Walker (2018), the authors have conducted empirical studies with 
industrial developers and observed that repairing test suites is more 
cost-effective than rewriting or regenerating them from scratch. De-
spite (Makady and Walker, 2018) was not referring to FMs, in this work 
we have reached similar conclusions.

9. Conclusion

In this paper, we tackled the challenge of maintaining and evolving 
test suites for Software Product Lines (SPLs) when their Feature Models 
(FMs) change. In this process, we evaluated three test generation poli-
cies, namely GFS, GFE, and SPECGEN, against the most used metrics 
(test suite generation time, size, and mutation score). In addition, we 
considered two metrics, i.e., dissimilarity and specificity, which we 
introduced in previous work and we have enhanced and adapted them 
to be consistent.

Our experiments, conducted on 13 industrial FM families with 35 
natural evolutions and over 3200 artificially mutated FMs, revealed 
several key insights. GFE generally outperformed the other policies 
in terms of producing smaller test suites with lower dissimilarity and 
higher mutation scores, making it the most efficient for maintaining 
test suites while ensuring high fault detection. SPECGEN excelled in 
generating specific tests, especially for evolutions that broadened the 
set of valid configurations, but required the longest generation times, in 
particular in cases in which the FM is complex, and produced larger test 
suites. Finally, GFS, while trivial, was found to be effective for scenarios 
where FMs are simple and pre-processing their test suites requires more 
time than the actual test generation, but it lagged behind GFE and 
SPECGEN in most metrics. With our experiments, we also observed 
that tailoring test generation policies to specific scenarios is important, 
as the same technique performs in different ways for different FM 
evolutions.  For example, SPECGEN was particularly advantageous 
for evolutions introducing new valid configurations, while GFE was 
preferable for incremental updates that maintained much of the original 
FM structure and introduced only minor changes.

As future work, we plan to include in the experiments models 
obtained with higher-order mutations and to explore higher strengths 
beyond pairwise testing, to see whether our findings can be generalized 
to more complex contexts.
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