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Abstract Search-Based Software Engineering (SBSE) aims to transform Software Engineering (SE) problems into
search problems by defining a fitness function that guides the search for an optimal or sub-optimal solution. How-
ever, designing a fitness function that provides equitable relevance (or weight) to every SE metric associated with
an SBSE problem is an assumption that may be challenging. This issue derives from the several properties related
to SE metric value domains that can induce the search process to privilege specific metrics over others, mislead-
ing to suboptimal outcomes. To deal with this problem, this work proposes a mathematical model based on the
scalarization function concept to better control each metric’s relevance in the search process. Our empirical study
comprises two computational experiments. The first experiment aimed to evaluate the proposed scalarizing-based
approach’s control capability over the SE metrics in a scenario where all metrics should have the same relevance,
while the second experiment covers the scenario where metrics do not necessarily should have the same relevance.
The results demonstrate the importance of properly considering the impact, nature, and value range of SE metrics
in the search process and the effectiveness of the proposed model in controlling SE metric relevance in different
scenarios. This research makes three significant contributions. Firstly, we empirically highlight the importance of
properly considering the relevance of individual SE metrics in the search process. Secondly, we propose a generic
mathematical model based on scalarizing functions to cope with the normalization process and can be applied to a
wide range of SBSE problems. Finally, we show that the our scalarizing approach is capable of guiding search-based
process not only in the scenario where all metrics relevance must be equal, but also in the variation of the relevance
alongside the optimization process, which is quite important for the design of fitness functions in SBSE.
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1 Introduction
Search-Based Software Engineering (SBSE) consists of the
application of search-based optimization to Software Engi-
neering (SE) problems (Harman, 2007b; Ouni, 2020). Ac-
cording to Harman et al. (2012), SBSE has two key ingre-
dients: 1) the choice of the representation of the problem and
2) the definition of the fitness function (Harman et al., 2012).
The candidate solution representation to the problem defines
the search space in which the optimization takes place. Thus,
a fitness function is required to differentiate between solu-
tions andmeasure progress to guide the search-based process.
In doing so, many problems in SE also have SE metrics asso-
ciatedwith them that naturally form good initial candidates to
comprise the fitness function (Harman et al., 2009). Further-
more, the correspondence between metrics and fitness func-
tions means that many metrics can be used as the guiding
force behind the search for optimal or near-optimal solutions
to several problems (Harman and Clark, 2004).
As widely recognized, SE metrics play an important role

in the good software development process (Fenton and Neil,
2000; Singh et al., 2011). In particular, SE measurement is
used to assess situations, track progress, evaluate effective-
ness, understand whether the requirements are consistent and
complete, whether the design is high quality, and more (Fen-

ton and Bieman, 2014). Hence, many intermediate or final
software products are developed and measured by several
metrics, such as cohesion and coupling for software architec-
ture, cyclomatic complexity for source code, percentage of
faults detected and code coverage for software testing, and
risk and value for stakeholders for release planning.

When a SEmetric becomes part of a fitness function in the
context of SBSE, it is no longer seen as a passive quantita-
tive element but, indeed, as a valuable guideline for improve-
ment and change. However, it is worth noting that using SE
metrics in SBSE is not a one-size-fits-all solution. Instead, it
is essential to carefully select and tailor the metrics used to
construct the fitness function to the specific problem at hand.
In this sense, an acknowledged challenge in analyzing the
SBSE results is the assumption of an adequately weighted
aggregate fitness function. That is, a function composed of
more than one metric establishes that the optimized objec-
tives are weighted and combined to form a single objective
(Chisalita-Cretu, 2014; Augusto et al., 2012). In other words,
a fitness function that allows the metrics to have the same rel-
evance and impact in the search process, thus avoiding that
one specific metric has undue privilege compared to others.

Furthermore, to allow a fair search-based process, one can
highlight the need to conduct an in-depth analysis of the na-
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ture and range of value each metric can assume. This aware-
ness during the fitness function design is of particular impor-
tance to avoid discrepancies regarding the evaluation of each
metric and, consequently, to not fall on misleading results
(Chen and Li, 2022). A conventional strategy to deal with this
challenge is to normalize the value of each metric using the
maximum and minimum (or both) at equal intervals, which
can make it feasible that each metric within the aggregated
function has the same weight in the search process (Lightner
and Director, 1981). However, the maximum or minimum
values are only sometimes prior known. Moreover, even if
they could be defined, optimization problems are often sub-
ject to several constraints, making it challenging to guaran-
tee that these known extreme values are always achievable
within the scope of viable solutions. In other words, in SBSE,
metrics are often bounded by problem-specific constraints or
influenced by the population of solutions in each generation
(Simons et al., 2015; Chen and Li, 2022). For example, in bug
prioritization, metrics like ”importance” and ”severity” may
not have predefined limits and vary based on the project’s
history or stakeholder feedback (Dreyton et al., 2015). Simi-
larly, in the software release planning, the “value” and “cost”
of features are relative to customer preferences and imple-
mentation constraints, which change dynamically based on
the available resources and customer requirements at each
stage of development (Dantas et al., 2015). These practical
scenarios illustrate that metrics can be relative and context-
dependent, making it challenging to set static maximum or
minimum values prior to the search.
As one can expect, SE problems usually face the need to

optimize multiple and conflicting objectives simultaneously
(Harman et al., 2009). Typically, as it is not possible to find
a solution where all the objectives can reach their individual
optimum, we are interested in identifying a set of mathemati-
cally equally good solutions, the so-called Pareto optimal so-
lutions (Ruiz et al., 2015). For this reason, multi-objective al-
gorithms that use Pareto-ranking as a selection method, such
as NSGA-II (Deb and Kalyanmoy, 2001), have also been
widely approached by the SBSE community (Zhang, 2012;
Colanzi et al., 2020; Rodriguez and Carver, 2020; Saidani
et al., 2020). However, as the number of objectives increases,
more of the population becomes non-dominated, and the se-
lective pressure driving the population towards the Pareto
set falls rapidly (Purshouse and Fleming, 2003). This means
the Pareto dominance relation can not generate enough selec-
tion pressure toward the Pareto front. As a result, dominant-
based algorithms often improve only the diversity of solu-
tions without improving their convergence toward the Pareto
front (Ishibuchi et al., 2009b). In this scenario, the simplest
of these non-Pareto methods is also to use the conventional
weighted min-max method (Hughes, 2005).
A promising approach for improving the searchability of

dominance-based algorithms is using scalarizing fitness func-
tions (Ishibuchi et al., 2009a). Via a scalarizing-based ap-
proach, the problem is transformed into a single objective
optimization model involving possibly some parameters or
additional constraints (Ishibuchi and Nojima, 2007). In most
scalarizing functions, the decision maker’s preference infor-
mation is considered to find the most satisfactory solution
among the conflicting goal (Miettinen and Mäkelä, 2002a;

Saraiva et al., 2017). Indeed, it was already clarified that
better results were obtained for multi-objective problems by
multiple runs of single-objective optimizers with scalariz-
ing fitness functions (Hughes, 2005; Ishibuchi et al., 2009b;
Kasimbeyli et al., 2019). However, differently from the pur-
pose of these works, we noticed the opportunity of approach-
ing the concept of scalarizing fitness function to normalize
and offer a proper relation between the SE metrics during
the search process. The significance of this question relies on
the fact that wemay bring novel light into the fitness function
design, which is a key ingredient for SBSE.
In line with the previous motivation, our aim is to investi-

gate the use of a scalarizing fitness function to properly man-
age the relevance of each SEmetric in a search-based process.
To this end, we propose a scalarizing-based genericmodel for
the normalization process. Then, we designed an empirical
study composed of two computational experiments to eval-
uate the performance of our proposed approach when com-
pared to 1) aggregate weighted fitness functions in a scenario
where all metrics must have the same weight and 2) in the
scenarios where not all metrics necessarily should have the
same weight. We investigated the Bugs Prioritization (Drey-
ton et al., 2015) and Software Release Planning (Dantas et al.,
2015) problems for the first experiment. Regarding the sec-
ond experiment, we examined the Multi-Objective Next Re-
lease Problem (Zhang et al., 2007) using an adaptation of the
proposed mathematical model to iteratively build an approx-
imation of the Pareto Front. In this regard, we intend with
this empirical study to demonstrate the feasibility and signif-
icance of our approach. Therefore, we do not aim to make
broad and sweeping claims about the entire field of SBSE or
asserting its position as a superior multi-objective algorithm,
but rather to present a specific approach and demonstrate its
effectiveness in practical scenarios.
In summary, our research makes three key contributions

that enhance the understanding of SE metrics and offer valu-
able findings to support SBSE practices:

1. Based on evidence-based results, we emphasize the im-
portance of comprehensively understanding the impact,
nature, and range of values that a SE metric can as-
sume in the optimization process. This awareness en-
ables practitioners to make informed decisions when
selecting and evaluating SE metrics during the fitness
function definition;

2. We propose a generic mathematical model that employs
a scalarizing function concept to address the normaliza-
tion process that can be introduced to SBSE problems,
even when the metrics do not belong to the ratio scale.
While scalarizing functions are not uncommon, the ap-
plication of such a scalarizing-based model to SBSE
problems is a novel aspect of our approach since it dy-
namically acquires the best and worst values for SEmet-
rics during the search process, which is distinct from tra-
ditional scalarization methods that often rely on prede-
fined and static values. This approach allows practition-
ers to compare and rank different metrics with varying
scales and magnitudes;

3. We empirically demonstrate that our proposal can pro-
mote an equitable search-based process and achieve
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competitive performance not only when each SE metric
must carry equal weight but also when varying the rele-
vance. Our proposal is also adaptable to multi-objective
approaches, where decision makers aggregate multiple
SE metrics into a single objective. Specifically, we inte-
grate a multi-objective implementation with simulated
annealing (SA) to optimize multiple conflicting met-
rics simultaneously, providing a practical and flexible
framework for tackling complex SE problems.

This paper is organized as follows. In Section 2, we
overview prior work, including the theoretical background
and related work. In Section 3, we explain our scalarizing-
based approach to SBSE. Then, we report our empirical study
in Section 4while we discuss the threats to validity in Section
5. Finally, we present the final remarks in Section 6.

2 Background and Related Work
In this section, we overview the fundamental concepts and re-
lated work. Firstly, we discuss the role of the fitness function
in SBSE, including the different optimization approaches
that have been addressed. Then, we clarify the SE metrics as
a key ingredient in SBSE. Lastly, we address how and why
it may be helpful to approach scalarizing functions in SBSE.

2.1 On the role of fitness functions in SBSE
Search-Based Software Engineering (SBSE) refers to the re-
search field where search techniques are approached to solve
problems in Software Engineering (SE) (Harman and Jones,
2001). This class of problems is characterized by a search
space for candidate solutions from which optimal or approx-
imate solutions are desired and guided by a fitness function.
Indeed, SBSE has been explored to solve problems in sev-
eral stages of the software development process, such as soft-
ware release planning (Zhang et al., 2014), design tools and
techniques (Colanzi et al., 2014), software testing and de-
bugging (Harman, 2007a), and software project management
(Ferrucci et al., 2014).
Indeed, SBSE problems involve two or more objectives,

which are more or less conflicting. Hence, the SBSE com-
munity has approached two alternative strategies in this en-
gineering decision-making: a weighted search (i.e., utility
search) or a Pareto search. The former directly searches for a
single solution that maximizes the aggregated scalar fitness
of the objectives (e.g., by weighted sum), based on a set of
weights (also called a weight vector) that reflects relative im-
portance between the objectives (Chen and Li, 2022). In gen-
eral terms, a hypothetical mono-objective problem is com-
posed of a fitness function as follows:

min f(X)
subject to:

gi(X) for i = 1, . . . , m,

where f(X) is a fitness function responsible for guiding the
search process towards an optimal solution;X is a solution to

the problem, and gi(X)with i ranging from 1 tom represents
the constraints of the problem. In turn, an aggregate function
can be represented as follows:

Fitness(X) = c1 ×m1(X) + c2 ×m2(X)+
· · ·+ cn ×mn(X),

where mi(X) and ci, such that 1 ≤ i ≤ n, respectively, rep-
resents a SE metric in the set of n SE metrics associated with
a given optimization problem. The coefficients ci weights
the relevance of the associated metric during the optimiza-
tion process. This type of function varies according to the
relevance of each metric or the use of different aggregation
operators, such as product and division. This strategy works
when a given coefficient ci can precisely determine how rel-
evant a given metric is for a fitness function. This issue does
not happen due to the diversity of value domains in which the
metrics belong (Harman, 2007b). For instance, given metrics
Mx ∈ [0, 1.0] and metric My ∈ [0, 100], even assigning to
cx a value ten times greater than cy ,My would have more rel-
evance in the search process because My can assume values
that can be more than 100 times greater than Mx.
The use of normalization could tackle such a problem. By

previously knowing the extreme values for Mx and My , one
could normalize each metric in the [0, 1] interval. For some
metrics, extreme values can even be deduced by analyzing
their formula, which makes normalization applicable. That
is, SBSE problems are known for their restrictions that can
make solutions that reach extrememetric values (max ormin)
unfeasible. To exemplify this scenario, Figure 1 shows an
example of two solutions within a feasible search space S
according to two hypothetical metrics, M1(X) and M2(X).
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Figure 1. Comparison between two solutions within the search space.

Regarding the example in Figure 1, when comparing X1
and X2 using the evaluation function f(X) = M1(X)

100 +
M2(X)

100 that normalizes the values over the maximum reach-
able values by each metric (as illustrated in each axis), f(X)
would indicate thatX2 is superior in comparison toX1 given
that f(X2) = 0.85 is greater than f(X1) = 0.80. This infor-
mation leads to a wrong interpretation of the outcomes be-
cause, according to viable solution space, 100 is not the great-
est value for M2(X). The fairest way to normalize would be
using the maximum value according to the problem’s con-
straints for M2(X), which is 70. This way a more suitable
function f2(X) = M1(X)

100 + M2(X)
70 , where f2(X1) = 1, 014

and f2(X2) = 0.95, indicating that X1 is actually a more
valuable solution.
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On the other hand, multi-objective optimization problems
consist of a set of solutions that satisfy the given constraints.
Moreover, this set must be composed of solutions that of-
fer the best trade-offs among the objectives to be optimized
regarding the problem being tackled. We exemplify a multi-
objective model below:

minimize fi(X) 1 ≤ i ≤ n (1)
subject to:

gk(X) 1 ≤ k ≤ c, (2)

where fi(X) is a fitness function of the problem that eval-
uates a given solution X belonging to a set of solutions.
The expression 1 represents the objectives to be minimized,
whose amount is n. In turn, if one needs to maximize an ob-
jective, it can be achieved by multiplying the function that
describes the objective by -1. In addition, Equation 2 repre-
sents the constraints of the problem evaluated by each func-
tion gk(X).
It is worth noticing that most multi-objective algorithms

approach the dominance criteria to find the front of solutions
(Deb and Kalyanmoy, 2001). As depicted in the Equation 3,
it is possible to define that a X1 solution dominates a X2
solution if, and only if, X1 is better or equal in all objectives
and strictly better in at least one objective, that is:

∀i|1 ≤ i ≤ n : fi(X1) ≤ fi(X2) (3)
∃k|1 ≤ k ≤ n : fk(X1) < fk(X2) (4)

Multi-objective algorithms aim to identify a set of non-
dominated solutions, also called a front of solutions. A set of
solutions is deemed a Pareto Front when it consists of all non-
dominated solutions within a feasible region of the search
space. Chen and Li (2022) clarify that when no preferences
or weights are given for the objectives, the Pareto search is
the most appropriate option. This is because it can reveal the
entire Pareto front of solutions, a diverse set that can be exam-
ined without prior knowledge of the preferences. However, a
weighted search may be appropriate when clear preferences
can be elicited, articulated, or assumed. In summary, multi-
objective algorithms are used to identify non-dominated so-
lutions or fronts of solutions, such as the Pareto front. The
choice between a Pareto search and a weighted search de-
pends on whether or not there are clear preferences for the
objectives. The Pareto search could be more suitable for a
scenario where the decision maker may decide among differ-
ent non-dominated solutions a posteriori, while a weighted
search is preferable when clear preferences can be articulated
a priori.

2.2 Software Engineering metrics as a key in-
gredient in SBSE

Software Engineering (SE) metrics continuously apply mea-
surement techniques to improve the software development
process and its products (Samli et al., 2020). Through suit-
able metrics, software engineers may assess the development

progress and the quality of the artifacts in order to answer sev-
eral questions, such as the program size, estimating cost and
duration of some work, the estimated cost of fixing a bug,
which method would be the most appropriate to develop a
given project, etc (Malhotra, 2015).
We may categorize two significant perspectives on soft-

ware development. The first relates to the process and refers
to how the product is developed. The second perspective is
concerned with the product, that is, the output of the process
(which can be documents, source code, and other artifacts
produced during the software life cycle). In some cases, one
process may use a product from another process. For exam-
ple, the software design processmay produce an architectural
document as an output that the software engineers can further
approach during the implementation process. Both process
and product perspectives are entangled by several metrics
composed of internal and external attributes.
In summary, internal attributes are associated with the in-

ternal structure of the software, such as size, coupling, and
complexity. In contrast, external attributes are associated
with external factors, such as understandability, testability,
and maintainability. The difference between metrics and at-
tributes is that metrics are used to measure attributes. As ex-
emplified in Figure 2, the maintainability (external attribute)
is associated with the following internal attributes: depth of
inheritance, cyclomatic complexity, program size, and man-
ual user size.

Depth of inheritance

Cyclomatic complexity

Program size

Number of error messages

User manual size

Reusability

Reliability

Maintainability

Usability

Internal AttributesExternal Attributes

Figure 2. Relationship between internal and external attributes in SE met-
rics (Sommerville, 2015).

The SE metrics (both for process and product) have also
been widely addressed by the SBSE community, since the
own metrics are used as part of the fitness function that will
guide the search process. Figure 3 exemplifies two SBSE
problems and their respective metrics. On the left side, the
process perspective is represented by the Next Release Prob-
lem (NRP) (Bagnall et al., 2001), which aims to select the
set of requirements that must be implemented in the next re-
lease of the software and seeks to maximize the satisfaction
of a company’smost important customers (external attribute).
Therefore, a release must be subject to the sum of the costs
of implementing the requirements (internal attribute) not ex-
ceeding the budget (internal attribute). On the right side, the
product perspective is represented by the problem of refac-
toring programs to conform more closely to a given design
quality model (O’Keeffe and Cinnéide, 2008). To this end,
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the authors propose to select a sequence of refactorings that
provide better code regarding flexibility, reusability, and un-
derstandability (external attributes). These measurements be-
long to a set of metrics (Bansiya and Davis, 2002), which re-
lates through weighting the metrics of internal attributes to
measurements of external attributes.
Furthermore, each SE metric could be measured in scales

that follow measurement standards to determine character-
istics related to metric values, such as the unit of measure-
ment (Wang, 2003). The scales are usually classified into
five types: nominal, interval, ordinal, ratio, and absolute.
Nominal scales are characterized by an empirical relation-
ship system that consists only of different classes, without
the possibility of indicating order (Fenton, 1991). Unlike
the nominal scale, the ordinal scale features sortable classes,
considering a particular attribute. Operations such as addi-
tion and subtraction are not supported since these classes are
only for sorting. For example, an estimated time cost for a
feature to be implemented could be calculated as follows:

Cost(x) =

 high if x ≤ 8
average if 2 ≤ x < 8

down if x < 2.
(5)

where x is the cost in weeks to implement the feature. This
ordinal scale can be used when the real values of a given at-
tribute are not precisely known. For example, we can clarify
this issue in the case of cost estimation in development com-
panies. The implementation deadline for a particular feature
could range according to the developer’s experience.
The interval scale has the ordering property similar to

the ordinal scale. In this type of scale, there is the possibil-
ity of computing the distance between intervals, thus allow-
ing operations such as addition and subtraction. However,
the interval scale does not admit the property of the ratio
between its values. For example, suppose the existence of
a SE metric M(x), whose domain of its image belongs to
the interval [−∞, +∞]. Considering that M(x1) = −100
and M(x2) = 32, the value produced by the ratio between
M(x1) and M(x2) cannot state, for example, how many
times M(x1) is greater than M(x2). A case of interval scale
may occur in SBSE when there is a subtraction between met-
rics in the fitness function, which can lead to values for pos-
itive and negative ranges.
In turn, the ratio scale is characterized by the “zero” el-

ement, which means the total absence of an attribute that a
metric belongs to this scale measures. This scale maintains
the ordering and size property between ranges and allows
any arithmetic operation (Fenton, 1991). Defect density for
defect-based software quality and failure coverage for soft-
ware testing can exemplify software metrics related to a ra-
tio scale. Lastly, the absolute scale has properties similar to
the ratio scale but is limited to the count of attributes its
metric measures. For instance, Lines of Code (LoC) is an
absolute scale for measuring the number of lines. However,
LoC is not an absolute measure scale of the software size,
as there are several ways to measure software magnitudes,
such as the number of methods or classes, for instance. As
one can see, several possibilities exist regarding using soft-
ware metrics in SBSE. Search-based approaches have been
applied to a wide range of software engineering processes,

including software design (Sharma and Sharma, 2023), soft-
ware testing (Maashi, 2022), software refactoring (Mohan
and Greer, 2018), and software project management (Roque
et al., 2016). These applications leverage optimization tech-
niques like evolutionary approaches (e.g., genetic program-
ming) and bio-inspired algorithms (e.g., ant-colony optimiza-
tion) to address complex SE challenges (Colanzi et al., 2020).

2.3 Conceptualizing scalarizing functions for
optimization problems

Scalarizing functions are usually approached to solve prob-
lems whose character is multi-objective or multi-criteria
(Kasimbeyli et al., 2019). In this sense, a scalarizing-based
proposal can convert a multi-objective optimization prob-
lem to a mono-objective. Consequently, it is feasible to
solve this problem through mono-objective optimization
techniques (Ishibuchi et al., 2009a).
According to Miettinen and Mäkelä (2002a), most scalar-

ization functions use at least one of the following concepts:
ideal objective vector or nadir objective vector. The first one
consists of a vector z∗ = f∗ = [f∗

1 , f∗
2 , ..., f∗

n]T of the best
values for each objective. Suppose a function fi should be
maximized. In that case, its value f∗

i or z∗
i is the maximum

value it can reach within the set of feasible solutions. As for
minimization, the ideal value would be the lowest possible
value that a solution within the set of viable solutions can
achieve. A single solution is likely to achieve the optimal
value for all functions in multi-objective problems with con-
flicting objectives (Deb and Kalyanmoy, 2001).
On the other hand, the nadir objective vector consists of

the vector of the worst values for each objective znad =
f = [fnad

1 , fnad
2 , ..., fnad

n ]T considering only the Pareto
Front. Thus, for a function fi where maximization is aimed,
its value znad

i consists of the slightest value reached for this
fitness function within the set of the Pareto Front; and, in
the case of minimization, the highest value. Unlike z∗, znad

cannot be obtained by maximizing or minimizing each func-
tion individually. However, znad can be obtained through the
derivation of z∗ using the payoff table method (Miettinen,
1999). From these vectors, each objective can be normalized
as follows:

fnorm
i = fi − fnad

i

f∗
i − fnad

i

, (6)

where the closer fi is to the best value, the closer to 1 fnorm
i

is. Otherwise, it would be closer to zero. Since each objective
will be normalized in the [0, 1] range, it is possible to make a
mono-objective function that relates to the normalization of
each objective.
In addition to the conventional scalarizing functions,

which utilize the concepts of the ideal objective vector and
the nadir objective vector to normalize and aggregate fit-
ness functions, a subfield of research has emerged over the
past decades known as preference-based multi-objective op-
timization (Thiele et al., 2009). This subfield aims to pro-
vide a more direct approach to incorporating user prefer-
ences into the optimization process by allowing users to
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Figure 3. Examples of SE metrics in the context of SBSE (Malhotra, 2015).

define their “ideal point” in the objective space, and opti-
mization algorithms then strive to reach that user-defined
point. This approach has gained prominence in practice due
to its ability to address the challenges associated with differ-
ent ranges of objective functions. One well-known approach
within preference-based multi-objective optimization is the
Reference Point method (Wierzbicki, 1980). This method is
rooted in the decision-makers need to express their prefer-
ences in solving multi-criteria problems. It involves the use
of aspiration levels for each criterion to be optimized. These
aspiration levels can be linked to a scalaring function, thereby
enabling the decision-maker to effectively weigh their pref-
erences regarding the different objectives of the problem. As
a result, the scalarizing function guides the search process,
distinguishing solutions based on the aspiration levels dis-
tributed among the objectives. Several reference point-based
scalarization functions have been proposed in the literature,
such as the Step Method (STEM), the Satisfying trade-off
method (STOM), and the naive method (GUESS) (Miettinen
and Mäkelä, 2002a). These scalarization functions offer flex-
ibility in how user preferences are incorporated into the opti-
mization process.

In the context of SBSE, the Reference Point method was
explored by Saraiva et al. (2017) to capture the decision
maker’s preferences in the software release planning process.
In this approach, human interaction occurs after the multi-
objective optimization process has generated a Pareto front.
At this stage, the decision maker is tasked with selecting
the most suitable solution. The scalarizing function plays a
crucial role in determining which solution aligns best with
the user-defined aspiration levels. These levels define the
relative importance of each objective to the decision-maker.

The outcomes reported in this work underscore the signifi-
cance of providing software developers with the capability
to interact and influence the search-based optimization pro-
cess, aligning with the principles of preference-based multi-
objective optimization. By acknowledging and incorporat-
ing the advancements in preference-based multi-objective
optimization, our research seeks to contribute to the broader
spectrum of methodologies available for addressing the chal-
lenges associated with SE metrics in SBSE.

3 Designing a scalarizing-based ap-
proach to SBSE

Our proposed mathematical model follows the concept of the
scalarizing function (Miettinen andMäkelä, 2002b). The ma-
jor difference concerns the normalized values in the fitness
function. While in a scalarizing model, these values are ob-
tained through exact optimization methods (or payoff table
methods), our approach relies on dynamically acquiring the
values as the search process performs. Our approach is sim-
ilar to the one proposed by Chang et al. (2001) in the sense
that the best values used to normalize the multiple criteria are
also obtained during the optimization process. However, our
work formalizes a generic model that can be applied to any
mathematical multi-criteria problem, even the ones where
the metrics do not belong to the ratio scale. Indeed, the pro-
posal by Chang et al. (2001) relies on the constraint of the in-
vestigated metrics having the neutral element (zero), which
gives meaning to how the model normalizes by using the ra-
tio of the value being evaluated over the max value. How-
ever, when at least one of the approached software metrics
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can reach negative values where the minimum value is un-
known, their normalization strategy would not be suitable.
As introduced in Section 2.3, the ideal objective vector

(z∗) and nadir objective vector (znad) represent the best and
the worst value, respectively. Analogously to the z∗

i aim, we
propose the bestij variable representing the best value for a
SE metric i until the iteration j of a given search-based al-
gorithm. On the other hand, similar to znad

i , we propose the
worstij value to represent the worst value for a SE metric i
until the iteration j. In light of previous arguments, our pro-
posed mathematical model consists of:

max
∑

mi(X)∈M

αi ×
(

mi(X)− worstij

bestij − worstij

)
(7)

subject to:
gk(X) k = 1, 2, 3, ..., m, (8)

where M = {m1(X), m2(X), ..., mn(X)} indicates the set
of SE metrics associated with the problem. Each SE metric
mi(X) has a scalarαi, representing how relevant the SEmet-
ric i is to the search process. The variablesworstij and bestij

represent the worst and best value for each metric mi until
the search iteration j, respectively. The gk(X) function indi-
cates a constraint from the set of m constraints of the prob-
lem. Thus, for a given solution, the values of each metric
are normalized following the interval [0,1] according to the
worstij and bestij . The closer to its worst found value the
metric mi(X) is, the closer to 0 the portion of mi is in the
overall sum, making mi less relevant. The same portion can
tend to 1 as the closer mi(X) is from the best value. Finally,
each metric mi has a specific weight αi that represents its
relevance to the search process. However, considering a con-
text where all software metrics have the same relevance, one
can use α1 = α2 = ... = αn.
In summary, our proposed scalarization model offers ben-

efits in multi-objective optimization scenarios where pre-
knowing the exact weights of metrics is not feasible. By
dynamically adjusting the relevance of metrics during the
search process, the model removes the need for users to de-
fine weights a priori. This flexibility allows for the explo-
ration of a broader solution space and adapts to changing re-
quirements as the optimization unfolds. In real-world SBSE
applications, where exact weight configurations are often un-
known or may evolve, this adaptability ensures that the opti-
mization process remains efficient and relevant to the user’s
evolving goals. This feature makes the scalarization model
especially valuable in scenarios requiring ongoing adjust-
ment and refinement of metric importance.
As we can notice, our proposed scalarization method

shares similarities with multi-objective evolutionary algo-
rithms, such as MOEA/D and its variants (Zhang and Li,
2007). These algorithms aim to explore the Pareto Front by
searching for different weight vectors to optimize multiple
objectives simultaneously. MOEA/D, in particular, decom-
poses a multi-objective optimization into a number of scalar
optimization subproblems, each optimizing a different objec-
tive (Zhang and Li, 2007). What sets it apart is that each sub-
problem is optimized using information from its neighbor-
ing subproblems, which allows MOEA/D to achieve lower

computational complexity at each generation. While our ap-
proach is based on the scalarization function, it effectively in-
volves the exploration of different weight configurations to
steer the search process, aligning with the fundamental idea
behind MOEA/D. This similarity underscores the goal of ef-
ficiently exploring the Pareto Front in multi-objective SBSE.
Our research aims to offer a different perspective by formaliz-
ing a scalarization model that can be applied to a wide range
of SBSE problems, providing an alternative and complemen-
tary approach to existing optimization algorithms.

4 Empirical Study

This empirical study was designed in the form of two compu-
tational experiments. The Experiment #1 aimed to evaluate
the control capability of the proposed scalarizing-based ap-
proach over the relevance of the SEmetrics during the search
process in the scenario where all metrics should have the
same weight. In other words, we compared the results of our
proposal with two SBSE solutions (Dreyton et al., 2015; Dan-
tas et al., 2015) where the authors applied aggregated fitness
functions. On the other hand, the Experiment #2 focused on
the efficacy in a scenario where all SE metrics do not nec-
essarily should have the same relevance during the search
process. Hence, we also evaluate the capability of the math-
ematical model using different weight configurations other
than just the equality one. We gathered the solutions gener-
ated from the different configurations and selected the non-
dominated solutions. As a result, we generated an approxima-
tion of a Pareto Front that we compared with the NSGA-II
(as a benchmark) in one of the most studied SBSE problems:
theMulti-objectiveNext Release Problem (MONRP) (Zhang
et al., 2007; Rahimi et al., 2023).

Therefore, our intention was not to conduct an exhaustive
exploration of all possible SBSE domains. Instead, our focus
was on providing a proof of concept and demonstrating the
feasibility of our approach in scenarios that are representa-
tive of different stages of the software development lifecycle.
This choice allowed us to evaluate the approach under feasi-
ble conditions while managing computational resources.

Moreover, knowing that metaheuristics are widely known
for being stochastic, distinct executions would probably re-
turn different solutions making necessary an accurate anal-
ysis to evaluate their performance. Hence, the descriptive
statistic with central tendency and variation measures were
necessary, being complemented with the use of statistical
tests (Arcuri and Briand, 2014). To deal with this issue, the
evaluated algorithms were executed 30 times. At the end
of all executions, the average and standard deviation from
the analyzed variables were collected. In addition, statistical
tests were applied to the collected outcomes; they were: the
Mann-Whitney U-Test to evaluate the strength of evidence
against the null hypotheses (Mann and Whitney, 1947) and
the Â12 Vargha-Delaney statistics’ to assess the effect size
between the variable of two distinct populations (Vargha and
Delaney, 2000).
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4.1 Experiment #1: On the control capability
in a scenario where all SE metrics should
have the same relevance during the search
process

4.1.1 Experimental design

As previously discussed, this experiment aims to evaluate the
application of the proposed mathematical model based on
scalarizing function as an alternative to the aggregated func-
tions widely applied in SBSE works. Therefore, this experi-
ment assesses the proposed approach’s capability to control
the relevance of the SEmetrics where all of them should have
the same relevance during the optimization process. For this
first experiment, we established the following hypotheses:

– Null hypothesis - H10: the proposed scalarizing-
based approach has not a better performance con-
cerning the capability to control SE metrics’ egal-
itarian relevance during the search process;

– Alternative hypothesis - H11: the proposed
scalarizing-based approach has a better perfor-
mance concerning the capability to control SE
metrics egalitarian relevance during the search
process;

– Null hypothesis - H20: the overall average value
between the SE metrics is not improved by using
our scalarizing-based approach;

– Alternative hypothesis - H21: the overall average
value between the SE metrics is improved by us-
ing our scalarizing-based approach.

To evaluate the hypotheses H10 e H11, we propose a
new experiment metric called Absolute Difference Average
(ADA) which represents the average of the absolute differ-
ence between the normalized metrics:

ADA(X) =
2×

n−1∑
i=1

n∑
j=i+1

|(∥mi(X)∥ − ∥mj(X)∥)|

n(n− 1)
,

(9)

where, given a set of SE metrics M =
{m1, m2, ..., mn−1, mn} associated with a problem P
whose X is a solution. ∥mi(X)∥ is the normalized value of
mi ∈M concerning its worst and best-estimated value in the
scenario where mi is a fitness function, and the constraints
of the problem are taken into account. For instance, to obtain
the best and worst estimated value, a search algorithm can
be executed twice using mi as a fitness function: the first
execution would maximize mi, while the second would
minimize it. At the end of these steps, the normalized mi(x)
is given by ∥mi(X)∥ = mi(X)−worsti

besti−worsti
. Therefore, the

closer to zero ADA value of a solution is, the more similar
the relevance between the software engineering metrics was
in the search process. For instance, an ADA = 0.5 indicates
that, on average, the solutions differ in relevance by 50%
from each other.
Regarding the hypotheses H20 and H21, we also designed

a new experiment metric called Normalized Metrics Average

(NMA) to support the analysis. Our purpose with this exper-
iment metric is to verify whether the scalarizing-based ap-
proach can reach superior average values regarding the nor-
malized values of each SE metric when compared to another
fitness function (in our case, the canonical one to the problem
under study). Thus, NMA can be formulated as follows:

NMA(X) =
n∑

i=1

∥mi(X)∥
n

. (10)

Analyzing the NMA in conjunction with MDA, one can
argue if the proposed approach produces lower values of
MDA with similar values of NMA, this result would be in-
dicative that the proposed approach can produce fairer results
in terms of relevance (explained by the MDA) without com-
promising the quality of the optimization (explained by the
NMA). Therefore, lower values of NMAwould indicate that
the scalarizing-based approach guided the process towards
a solution more distant from the optimal solution in order
to active justice between the SE metrics which is not some-
thing desired. For greater values of NMA and still consider-
ing lower values of MDA, would be an indicative the pro-
posed approach has control over SE metrics producing fairer
results and improving the guidance of the process to near op-
timal solutions.
Having the experiment metrics introduced, we may ad-

vance to formalize the experiment variables. As independent
variables, we have the fitness function and the number of
metrics. In this case, the fitness function can have, as variant
characteristics in its metrics, the presence of normalization
and the type of operator used to aggregate the metrics. In ad-
dition, one can highlight the impact of the number of SE met-
rics comprising a fitness function on the dependent variable.
Then, regarding the dependent variables, we approached our
proposed experiment variables: Absolute Difference Average
(ADA) and Normalized Metrics Average (NMA).
As we previously mentioned, this first experiment has two

different SBSE problems as study objects; they are: 1) the fit-
ness function formulated by Dreyton et al. (2015) to the Bug
Prioritization Problem (BPP) and 2) the fitness function de-
signed by Dantas et al. (2015) to the Release Planning Prob-
lem (RPP). In summary, the BPP consists of finding the best
ordering of bugs to be fixed in open-source development. In
turn, the RPP deals with the need to select which require-
ments must be implemented alongside different software re-
leases. Given the space constraints, we cannot discuss each
mathematical model in-depth. For more details, we recom-
mend reading the original papers (Dreyton et al., 2015; Dan-
tas et al., 2015). However, for the sake of clarity, we will
overview below the main idea behind each investigated fit-
ness function, including the evaluated SE metrics (which is
the most important issue for our study).
Firstly, Dreyton et al. (2015) proposed a mono-objective

model to the BPP, which consists of:

maximize (α× relevance(P ) + β × importance(P )
− γ × severity(P )),

subject to: pos(P, bi) < pos(P, bj), ifbi ≺ bj andbj ∈ P,
(11)
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whereα, β, and γ are weights used to weigh each function ac-
cording to the faced scenario. The only constraint addressed
refers to the technical precedence between bugs (a bug fix de-
pends on the fix of another one). In this case, they proposed
that B = {bi | i = 1, 2, 3, ..., N} is a set of reported bugs in
which N represents the number of bugs available to be pri-
oritized. The solution representation is a vector of elements
of B with a specific ordering, P = {pj | j = 1, 2, 3, ..., M},
whereM is a parameter defined that represents the number of
bugs to be presented as a solution. The relevance(P ) repre-
sents the overall relevance of P according to the community
that maintains the project. The importance(P ) prioritizes
bugs with great priority value considering the opinion of the
person responsible for bug triage. The severity(P ) priori-
tizes the correction of the bugs assigned as severe by users.
The proposed mono-objective model to the RPP designed

by Dantas et al. (2015) consists of:

maximize
N∑

i=1]

yi × (valuei × (P − xi + 1) − riski × xi),

subject to:
n∑

i=1

costi × fi,q ≤ sq , ∀q ∈ 1, 2, ..., P ,

(12)

where yi ∈ {0, 1} is 1 when the requirement ri was selected
to some release, that is, xi ̸= 0, and 0 otherwise. Hence,R =
{ri | i = 1, 2, 3, ..., N} is the set of requirements available
to be allocated for the releases K = {kj | j = 1, 2, 3, ..., P},
whereN andP are the numbers of requirements and releases.
The solution representation is a vector S = {x1, x2, ..., xN}
where xi ∈ {0, 1, ..., P}, such that if xi = 0 the requirement
ri is not allocated to any release; otherwise the requirement
is allocated for a release kp, being xi = p. The valuei con-
tains the weighted sum of the importance assigned by a client
cj for a requirement ri. Moreover, the riski is defined as the
risk associated with a requirement ri caused by a supposed
implementation postponement. The only constraint concerns
the release cost, do not exceed the budget value. In other
words, each requirement ri has a cost costi, and each release
kp has a budget value sq . In short, the more the requirement
with the greatest value and risk values are implemented in
the first releases, the greater the fitness function result is.
In addition, Dantas et al. (2015) also included in their ap-

proach the possibility of influencing the optimization process
in the light of the subjective preferences of a decision maker
(DM). In this case, they suggested an importance level (as-
signed by the DM to the requirements) that penalizes possi-
ble solutions according to the importance level of each pref-
erence that is not satisfied (the higher the number of not-
satisfied preferences, the higher the penalty value). However,
we have decided to exclude this component from our analy-
sis because it goes beyond our experimental scope and does
not jeopardize our research objective.

4.1.2 Experimental setup

To evaluate our proposed scalarizing-based approach, we se-
lected the Genetic Algorithm (GA) as the mono-objective
search algorithm for this experiment. The GA was chosen
due to its popularity and effectiveness in SBSE (Harman,

2011). Moreover, limiting our study to one search optimizer
simplifies the evaluation and comparison process, ensuring
a clear and focused assessment of our proposed scalarizing-
based approach. Given the GA’s stochastic nature, we col-
lected the evaluated metrics derived from 30 executions for
each instance of each problem. For the BPP, we explored
the dataset_inst100 provided by Dreyton et al. (2015), which
comprises 100 bugs reported in the software repository of
the Kate Editor. Regarding the RPP, we investigated two
instances (also evaluated by Dantas et al. (2015)): dataset-
1 (representing a word processor software containing 50 re-
quirements) and dataset-2 (representing a software develop-
ment planning tool with 25 requirements). All instances in-
vestigated in this experiment are based on real-world data.
Aiming to get the best and worst values for comparison

purposes, we ran the GA 30 times for each SE metric, having
each one as the mono-objective to be maximized, collecting
the best value of all runs if the metric is to be maximized
and the worst otherwise. Similarly, we ran the minimization
process for each metric, getting the best value if the metric
was to beminimized and the worst one otherwise. Finally, we
use these values to calculate our experiment metrics, MDA
and NMA.
Moreover, many different parameters must be chosen

when applying an SBSE technique. Unfortunately, it is not
possible to find an optimal parameter setting. As stated by
Arcuri and Fraser (2011), “for any problem, an algorithm is
good at solving, you can always find another problem for
which that algorithm has worse performance than another al-
gorithm”. We present our list of empirically obtained param-
eters and settings for each investigated problem in Table 1.
The selection of parameters in our study was made to pro-
vide a balanced and consistent evaluation. The parameters
were empirically obtained based on prior research (Arcuri
and Fraser, 2013) and careful consideration of the problem
domain. For instance, the number of generations was set to
1000 because it represents a trade-off between the computa-
tional effort and the convergence of the algorithms.

Table 1. Genetic Algorithm’s parameters and general settings
Parameter Bug Prioritization Problem Release Planning Problem

Crossover Operator Order One Single Point
Mutation Operator Rank Swap Mutation Random Resetting
Crossover Rate 90% 90%
Mutation Rate 20% 1%
Population Size 100 100

Number of Generations 1000 1000
Weight functions α = β = γ = 1 -

Regarding the evolutionary operators, Order One, Single
Point, andRandomResetting arewidely adopted in the SBSE
literature. In the specific case of the Mutation Operation for
the BPP, however, we had to develop a new operator called
Rank Swap Mutation, which is inspired by the well-known
Swap Mutation. This adaptation was required because, dif-
ferent from the original Swap Mutation, the used operation
is more suitable for partial ordering where the solution size
can vary. Given the paper’s space constraint, we will not dis-
cuss the implementation details. However, all information is
openly available in our supporting repository1.

1https://github.com/ItaloYeltsin/SelectionFactor
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4.1.3 Results and analyses

As previously introduced, the primary objective of this first
experiment is to validate different hypotheses related to the
capability of our scalarizing-based approach to control the
relevance of the SE metrics’ toward a fair search-based opti-
mization process. In other words, we want to investigate how
to provide a fair condition to the search process to achieve
balanced results for each SE metric to be optimized when
using the same weight configuration and, consequently, to
avoid misinterpretation of the results.
Table 2 shows the SE metrics’ values reached from our

scalarizing-based approach and the canonical fitness func-
tions for the RPP (using dataset-1 and dataset-2). For each
dataset and each metric, we present the average results ob-
tained by the scalarizing-based approach (and its normalized
result), the canonical function (and its normalized result), and
the overall best and worst values achieved throughout the 30
times GA executions. It is also important to highlight that
Risk is a metric to be minimized and Value a metric to be
maximized. We may observe a reduction of 47,26% of Risk
for a loss of 5.79% in Value when using the proposed math-
ematical model in comparison to the canonical one consid-
ering the instance dataset-1. In regard to the canonical func-
tion, the reason why Value metric was so privileged about
Risk can be explained by how greater the Best Overall of
Value (24404) over the Worst Overall Risk (1085). Such a
difference leads the search process to tend to solutions that
maximize the first metric given that the second one has not
enough room to penalize the fitness function. The same does
not occur in the proposed mathematical model for the reason
that both metrics are normalized in the [0, 1] interval.
Regarding the dataset-2, we verified the reduction of

Value is 51.17% for a loss of 8.71% in Value. The same be-
havior can be observed for dataset-2 concerning the overall
values, where Value has a Best Overall of 38420 and Risk a
Worst Overall 704. Evaluating the normalized value in the
light of the best and worst values for the dataset-1, there is a
gain of 23% of Risk for a loss of 5.64% of Value. In addition,
there is a gain of 27.01% in Risk for an 8.59% loss in Value
on the dataset-2.

Table 2. Average of the non-normalized, normalized, worst, and
best value for each metric associated to the Release Planning Prob-
lem (RPP)

dataset-1

Functions Value Risk
Scalarizing 22368.8±537.74 280.97±21.9
Normalized Scalarizing 0.9166±0.022 0.741±0.0202
Canonical 23745.73±394.99 532.77±26.35
Normalized Canonical 0.973±0.0162 0.509±0.0243
Best Overall 24404 0
Worst Overall 0 1085

dataset-2

Scalarizing 34599.3±976.78 181.43±23.39
Normalized Scalarizing 0.9006±0.0254 0.7423±0.0332
Canonical 37902.13±348.3 371.6±19.11
Normalized Canonical 0.9865±0.0091 0.4722±0.0271
Best Overall 38420 0
Worst Overall 0 704

By observing the outcomes in Table 3 concerning the
BPP (using the instance dataset_inst100), we may conclude
that the scalarizing approach presented an improvement of
30.10% on the metrics Relevance for a lost of 7.14% in Im-
portance and a raise of 18.68% in Risk. Regarding the nor-

malized values, we noticed a relative gain 23.73% in Rele-
vance for a loss of 7.78% in Importance and a gain of 5.58%
inRisk. These results indicate an excellent gain forRelevance
for a lesser loss in the remainder of the metrics, Importance
and Risk, considering both gross and normalized values.
In addition, a behavior can be observed from RPP to BPP

with respect to the metrics Importance and Severity when
compared toRelevance. As the first two SEmetrics can reach
greater overall values, they have more weight in the canon-
ical fitness function which leads the search process to be
guided toward solutions that favor these metrics.

Table 3. Average of the non-normalized, normalized, worst, and
best value for each metric associated to the Bug Prioritization Prob-
lem

Instance Functions Importance Relevance Severity

dataset_inst100

Scalarizing 351.21
±9.86

13.98
±0.31

111.38
±5.14

Normalized Scalarizing 0.7376
±0.0284

0.8375
±0.0238

0.8769
±0.0151

Canonical 378.21
±6.88

10.85
±0.43

92.54
±3.32

Normalized Canonical 0.8154
±0.0198

0.6002
±0.033

0.9323
±0.0098

Best Overall 441.7 16.08 70.15
Worst Overall 93.5 2.95 408.05

Given the previous findings, we may advance to discuss
the experiment metrics (ADA and NMA) and provide an-
other important layer of analysis. To this end, we present
in Table 4 the ADA and NMA results calculated from the
normalized metrics’ values for each problem (and each eval-
uated instance). Consequently, we may contrast the results
obtained by the scalarizing function with the canonical one
in terms of a) the average of the absolute difference between
the normalized values and b) the normalized metric average.
In addition, Table 4 also shows the obtained effect size values
(using the Vargha-Delaney Â12 statistics) for each SE metric
when comparing the scalarizing approach (1) regarding the
canonical function (2). To this analysis, we approached the
following symbol convention considering a confidence level
of 99% (p− value < 0.01):△ means that one did not yield
a significantly higher average to 2; ▲ means that 1 yielded a
statistically significantly higher average than 2;▽means that
1 has not a significantly smaller average than 2 and, finally,
▼ means that 1 has a significantly smaller average than 2.

Table 4. Average values of the SE metrics and results of the statis-
tical tests for ADA and NMA
Problem Instance Function ADA Â12 NMA Â12

Bug
Priorization
Problem

data_inst100
Scalarizing 0.093±0.0247

0▼
0.8173±0.0088

0.9977▲
Canonical 0.2214±0.0202 0.7826±0.011

Release
Problem

dataset-1 Scalarizing 0.1756±0.0384 0▼ 0.8288±0.0088 1▲Canonical 0.4641±0.0277 0.741±0.0153

dataset-2 Scalarizing 0.1583±0.0555 0▼ 0.8214±0.0102 1▲Canonical 0.5144±0.0231 0.7293±0.0166

As we can see in Table 4, the scalarizing-based approach
has a lower ADAvaluewhen compared to the canonical func-
tion of the BPP. This result demonstrates that the BPP met-
rics differ by 9% from each other in terms of normalized val-
ues against 22.14% using the canonical function. Also, the
statistical tests demonstrate significant differences with high
magnitude in favor of the scalarizing function. The zero ef-
fect size for ADA indicates that none of the 30GA executions
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using the proposed model returned an ADA value greater
than some other ADA using the canonical function. More-
over, the results for the RPP are quite similar to the BPP.
Hence, the ADA value achieved by the scalarizing function
is significantly lower (with zero effect size) than using the
canonical function. This lower ADA value means that the
average difference between each RPP metric decreased from
46.41% to 17.56% for dataset-1, and 51.44% to 15.83% for
dataset-2.
Regarding the NMA analysis of the BPP, we observed

a 3,47% relative gain proportional to the maximum value
(which is 1). The obtained effect size indicates that none of
the executions using the proposed model had an NMA value
smaller than some other NMAvalue using the canonical func-
tion. By analyzing the RPP results, we verify a gain of 8.78%
and 9.21% for dataset-1 and dataset-2, respectively. This
finding is also statistically covered since, for both instances,
there is an effect size of 1.
Aiming to supplement the previous discussion, we provide

in Figure 4 an important comparative analysis between the
reached NMA values using the canonical function and the
scalarizing function for RPP (upper side) and BPP (bottom
side). We also provide a reference line that indicates the av-
erage of the normalized values for each metric. As one can
see, there is a considerable similarity between the normal-
ized value of the metrics using the scalarizing approach in
the case of BPP. This balance does not cause a loss in the
average of the normalized values but a rise since the less fa-
vored metric in the canonical approach, Severity, has a gain
visually greater than the loss in Importance andRelevance.
On the other hand, the metric Importance is less favored
in the scalarizing approach, having the greatest loss in its
normalized value. The reason why this behavior happens
can be associated with the fact that the search space does
not favor well-feasible and equally balanced solutions where
the Importance outperforms in terms of normalized values.
Moreover, we may notice that this behavior is also quite simi-
lar in the context of RPP. In particular, it is even more evident
since, for both instances (dataset-1 and dataset-2 of RPP), the
balances between the metrics are visually better. The differ-
ence between the reference lines representing the NMA is
even sharper when comparing the canonical function to the
scalarizing one.
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Figure 4. NMA values for RPP and BPP.

Given the aforementioned findings, we conclude that the
null hypotheses H10 and H20 can be rejected for all evaluated
problems and instances. In addition, we can state the validity
of the alternative hypotheses H11 and H21. This conclusion
indicates that the scalarizing approach has better control over
the relevance of the SE metrics influence during the search-
based process. This conclusion further demonstrates that our
scalarizing approach is capable of producing a better average
of the optimized values within the feasible solution space,
particularly in scenarios where all metrics are assigned equal
weight.

4.2 Experiment #2: On the efficacy in a sce-
nario where all SEmetrics do not necessar-
ily should have the same relevance during
the search process

4.2.1 Experimental design

While the previous experiment focused on scenarios where
all SE metrics are given equal importance, it is also com-
mon in SBSE to encounter situations where the relevance
of each metric varies during the search process. To address
this issue, we adapted our scalarizing-based model to handle
multi-objective context. Specifically, we aimed to develop a
solution capable of constructing a near-optimal approxima-
tion of the Pareto Front, which would demonstrate the flexi-
bility and robustness of our scalarizing approach across dif-
ferent weight configurations. In line with this assumption,
we implemented theMulti-Objective Scalarization Function
Based Algorithm (MOSFBA), a multi-objective algorithm
grounded in our scalarizing function, designed to accommo-
date varying levels of metric relevance.
Hence, our second experiment aims to assess the quality of

solutions generated by MOSFBA when using our proposed
model with weight configurations where not all weights are
equal. Such an assessment is achieved by evaluating the ef-
ficacy of MOSFBA on generating a Pareto front having as a
benchmark the well-known Non-dominated Sorting Genetic
Algorithm II (NSGA-II) (Deb and Kalyanmoy, 2001). It is
also important to highlight that this experiment does not aim
to prove that MOSFBA outperforms NSGA-II. Instead, we
want to exclusively show that the proposed model is capa-
ble of guiding the search process toward good solutions in a
multi-objective scenario where the relevance of all metrics
not necessarily must be equal.
In particular, NSGA-II was selected as the baseline algo-

rithm due to its extensive application and proven effective-
ness in multi-objective optimization within various SBSE
contexts (Zhang et al., 2007; Rahimi et al., 2023; Colanzi
et al., 2020). Its widespread adoption and well-documented
performance in the literature made it an ideal reference point
for evaluating our approach. While preference-based algo-
rithms and MOEA/D share relevant optimization strategies
with our method, especially regarding weight configurations
and preference handling, we prioritized NSGA-II to maintain
consistency and clarity in the experimental setup. Not com-
paring with MOEA/D and preference-based algorithms does
not affect the contribution or validity of our work, as the pri-
mary aim of this study is to demonstrate the feasibility and ef-
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fectiveness of our scalarization-based approach, rather than
asserting its superiority over other multi-objective optimiza-
tion algorithms. Therefore, excluding MOEA/D does not
compromise the validity of the results. Moreover, the choice
of NSGA-II as a baseline allows us to clearly showcase the
benefits and potential of our method in a controlled experi-
mental framework. In other words, this contribution strength-
ens SBSE research by introducing a validated scalarization-
based approach, offering a practical and effective alternative
for addressing multi-objective optimization problems in SE.
In the light of Equation 7, a Pareto Front may be iteratively

constructed from the weight variation of (α1,α2, ...,αn). Fol-
lowing this idea, Algorithm 1 describes the MOSFBA ap-
proach, including how the weights are generated and how
the solution set is built. In summary, we designed this algo-
rithm to vary the weights according to a variation (∆) and
a maximum number (max) that each weight αi can reach.
Once a weight set is generated, a coupled metaheuristic (e.g.,
Simulated Annealing) is executed using our proposed mathe-
matical model and the generated weight setting. At each loop
of line 6, from line 7 to 16, a combination of weights is gen-
erated. In line 21, the meta-heuristic is executed with the con-
figuration of weights at each loop, returning a solution s that
will be added (line 22) to the Pareto front if it meets the dom-
inance criteria presented in line 22.
As we can see, the concept behind the MOSFBA is that

each parameter configuration leverages the optimization pro-
cess toward different places on the Pareto front. As depicted
in Figure 5, alphaij is a variation of the weight alphai and
the red curved line represents the Pareto Front of a hypothet-
ical problem, which aims to minimize f1 and f2.
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Figure 5. Pareto front construction for different weight variations.

Given that MOSFBA has the variation of weights applied
to our proposed model as its main component in the guid-
ance to build its solution set, probing MOSFBA efficacy im-
plies that our scalarizing-basedmodel is capable of providing
good solutions in the scenario where the weights or value of
the importance of each metric can vary. Consequently, the
relevance of the involved metrics is set to not be equal in the
search process. In that regard, we formulated the following
hypotheses for our second experiment:

– Null hypothesis - H10: the MOSFBA has no com-
parable efficacy on providing a good front of solu-
tions having the NSGA-II as baseline comparison;

– Alternative hypothesis - H11: the MOSFBA has
comparable efficacy on providing a good front of
solutions having the NSGA-II as baseline compar-
ison;

Algorithm 1: Multi-Objective Scalarization Func-
tion Based Algorithm (MOSFBA)
Input: ∆, max
Output: p← Approximated Pareto Front of

Solutions
1 begin
2 foreach αi ∈ {α1, α2, . . . , αn} do
3 αi ← 0;
4 end
5 int pos← n;
6 while true do
7 αpos ← αpos + ∆;
8 while αpos > max do
9 αpos ← 0.0;
10 pos← pos− 1;
11 if pos < 0 then
12 break;
13 else
14 αpos ← αpos + ∆;
15 end
16 end
17 if pos < 0 then
18 break;
19 else
20 solution s;
21 s←

executeMetaheuristic(α1, α2, . . . , αn);
22 if isNotDominatedByAnySolutionFrom(s,

p) then
23 add s to p;
24 end
25 pos← n;
26 end
27 end
28 return p;
29 end

– Null hypothesis - H20: the proposed mathemati-
cal model is not capable of guiding the search to
provide good solutions in scenarios where not all
the metrics to be optimized must have the same
relevance.

– Alternative hypothesis - H21: the proposed math-
ematical model is capable of guiding the search
to provide good solutions in scenarios where not
all the metrics to be optimized must have the same
relevance.

With the hypotheses formulated and the information pro-
vided at the beginning of this section, we can assert that negat-
ing H10 implies also negating H20, that is: ∼ H10 =⇒ ∼
H20. In the end, the most important hypothesis for this study
is H20, which is directly related to our proposed model.
As the SBSE problem for this second experiment, we

addressed the widely known Multi-objective Next Release
Problem (MONRP), in which a set of customers with vary-
ing requirements are targeted for the next release of an ex-
isting software system (Zhang et al., 2007; Rahimi et al.,
2023; Pérez-Piqueras et al., 2023). There are different formu-
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lations of the MONRP; however, we followed the canonical
proposal in which two objectives are considered: maximize
customer satisfaction (or total value for the company) and
minimize required cost (Zhang et al., 2007). In other words,
the most valuable solutions are the ones that present the best
trade-offs between a release that most satisfies the clients in-
volved and has the cheapest cost. These objectives are qual-
ified by analyzing the requirements selected regarding the
variable scorei that represents the sum of the satisfaction
scores assigned by each client to the requirement i. In turn,
the cost of each selected requirement i is represented by the
variable costi. This problem can be modeled as follows:

max

n∑
i=1

scorei × xi (13)

min

n∑
i=1

costixi (14)

subject to: (15)
∀i, j ∈ {1, 2, ..., n− 1, n}, xj ≺ xi : xi − xj < 1, (16)

where, xi is the decision variable that has value xi = 1 if the
requirements iwas selected to be included in the next release
and xi = 0 otherwise. The only constraint of the problem is
related to the precedence that can occur between the require-
ments, which is represented by xj ≺ xi. In this case, xi has
as precedence xj , and a solution that contains xi is just fea-
sible if xj is also included.
To evaluate the quality of the generated solutions, we

selected three performance metrics: Generational Distance
(GD), Spread (SP), and Hypervolume Ratio (HVR). Briefly,
GDmeasures the average geodesic distance of solutions from
a front, P , to the Pareto front P ∗. The smaller the GD value,
the greater the convergence of P to P ∗. In turn, SP measures
the spacing between solutions on an approximate Pareto front
P , thus also indicating the diversity of solutions on the front.
Finally, we used a variation of the Hypervolume called HVR
(Deb and Kalyanmoy, 2001), which consists of the ratio of
the hypervolume of the analyzed Pareto front over the hyper-
volume of the Pareto front P ∗. Given the space constraints,
we cannot discuss each metric in-depth. However, these met-
rics are widely discussed in the SBSE literature, and we refer
readers to (Van Veldhuizen, 1999; Jiang et al., 2014; Wang
et al., 2016; Nuh et al., 2021) for further exploration.

4.2.2 Experimental setup

For this second experiment, we utilized the same RP in-
stances (dataset-1 and dataset-2) from Experiment #1. All in-
stances, along with the source code, are available in our sup-
porting repository2. To account for the stochastic nature of
the algorithms and ensure a fair comparison, each approach
was executed 30 times for each instance. The parameters
used were empirically determined based on prior research
(Arcuri and Fraser, 2013) and carefully adjusted to fit the
specific context of the problem. In the case of MOSFBA,
we established ∆ = 10−2 and max = 1 for dataset-1,
and ∆ = 10−5 e max = 10−3 for dataset-2. This delta

2https://github.com/ItaloYeltsin/SelectionFactor

value was established through preliminary experimentation
aimed at balancing exploration and convergence. In our ex-
periment, delta was chosen to ensure efficient exploration
of different weight configurations without significantly in-
creasing computational effort. However, the optimal choice
of delta may vary depending on the problem domain and the
desired precision. We recommend users experiment with dif-
ferent delta values to tailor the algorithm’s behavior to their
specific optimization scenario. Smaller delta values may pro-
vide more precise exploration at the cost of longer runtimes,
while larger deltas may prioritize efficiency over thorough-
ness in the search process.
Regarding the NSGA-II configuration, the algorithm was

executed within the same required time by the MOSFBA.
We defined 1000 individuals per population with the follow-
ing evolutionary operators: Bitflip Mutation (1% probabil-
ity) and Single Point Crossover (90% probability). It is worth
noticing that MOSFBA has a degree of complexity depend-
ing on the number of objectives to be solved and the param-
eters ∆ and max, which are related to the algorithm’s accu-
racy in building the Pareto front. Despite this fact, the exe-
cutions of the coupled metaheuristic referring to each weight
variation are independent of each other; that is, they do not
need to wait for information from previous executions to be
executed. Given this issue, we noticed a favorable scenario
to carry out these executions in parallel with the support of
a Graphics Processing Unit (GPU) (Bleiweiss, 2008). This
adaptation was viable since there is a set of independent data
that can be processed in parallel (the solutions and the weight
configurations) and a single instruction (the coupled meta-
heuristic). To this purpose, we used the Aparapi3, which is
an open-source framework for executing native Java code
on the GPU. Figure 6 overviews theMOSFBA parallel work-
flow process using GPU.
As shown in Figure 6 before starting processing on the

GPU, the problem and its instance are loaded into the moth-
erboard’s RAM. Then, configuration variations are generated
using Algorithm 1. After this process, all the mentioned data
and the instructions are copied to the GPU’s RAM. This in-
struction consists of the coupled metaheuristic. In this experi-
ment, we choose the Simulated Annealing as the metaheuris-
tic to be coupled in the MOSFBA (and run on the differ-
ent cores of the video card). This metaheuristic was selected
because of its required low level of complexity and the re-
quired memory/time (Delahaye et al., 2019; van Laarhoven
and Aarts, 1987).
For both dataset instances, regarding the algorithm cou-

pled to the MOSFBA, the same Simulated Annealing config-
uration was approached: an initial temperature T0 = 4000
and cooling coefficient α = 0.97. From then on, the various
cores of the video card can process that same instruction in
parallel for different weight settings. Each core has a Global
Identifier (GI) that is received before the start of the instruc-
tion. This GI is used to identify which weight configuration
refers to the execution in that core. As shown in Figure 6, the
kernel with GI = 1 has the configuration of weights W1 as
input and, at the end of the process, returns the solution S1 re-
ferring to these same weights. The GPU does not necessarily

3https://aparapi.com
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Figure 6. MOSFBA parallel workflow process using GPU.

execute all n weight configurations in parallel (only as much
as the number of cores support). In this case, the number of
global identifiers refers to the number of times the instruction
is executed. Right after finishing its work with a certain GI,
a core can subsequently receive another GI and process an-
other configuration of weights referring to this new GI, and
so on, until all configurations of weights are processed. Af-
ter processing all the weights, the solutions generated in the
GPU memory are copied to the motherboard’s RAM, where
the non-dominated solutions are selected, and, finally, the ap-
proximated Pareto front obtained by the approach is defined.

4.2.3 Results and analysis

Table 5 presents the average values of Generational Dis-
tance (GD), Spread (SP), andHypervolume Ratio (HVR) ob-
tained by the MOSFBA and NSGA-II regarding the evalu-
ated MONRP datasets. Initially, by analyzing the results de-
rived from the dataset-1, we may highlight that MOSFBA
presented an increase of 20% in HVR and 97% in GD com-
pared to the NSGA-II. On the other hand, regarding the SP
value, one can observe a decrease of 41,88%. By analyzing
the results from dataset-2, we observe that NSGA-II out-
performed MOSFBA in terms of GD and SP. Specifically,
NSGA-II achieved a 50% lower GD and a 228.39% higher
SP. With a difference of approximately 1.03%, NSGA-II
achieved a slightly higher HVR than MOSFBA.
Table 5 also shows the effect size for each metric using the

MOSFBA(1) and NSGA-II(2), represented by Â12, followed
by one of the possible symbols△, ▲, ▽, and ▼, of which the
first two respectively indicate that theMOSFBAcompared to
the NSGA-II obtained a greatermean without and with a sta-
tistical difference, and the last two indicate a smaller mean
without andwith a statistical difference for a confidence level
of 99%.MOSFBA results for the dataset-1 obtained an effect
size of 1, indicating that 100% of the times all HVR values
for MOSFBA are superior, with a higher mean and statistical
difference for the HVR metric; for the GD metric, effect size
0 was obtained, indicating better values of GD in 100% of the
times, with a lower mean and statistically significant differ-
ence; and effect size 0 with a smaller mean and statistical dif-

ference for the SP. Still analyzing the dataset-1, only 5% of
the time on average, the scalarizing approach outperformed
the NSGA-II in HVR and for this same metric there is a sta-
tistical difference with a lower average. Regarding the GD
metric, the proposed approach obtained, on average, higher
values in 85.97% of the times with statistical difference and
higher mean. In terms of SP, there is an effect size of 0 with
a smaller mean and statistical difference.

In order to complement our previous analysis, we present
in Figure 7 the Pareto fronts obtained by MOSFBA and
NSGA-II when compared to a reference Pareto front (which
is denoted by the best non-dominated solutions found by
the junction of the fronts obtained by the IBEA2, MOCell,
NSGA-II, and MOSFBA). As shown in Figure 7a, NSGA-
II reached a front with the highest value in SP for dataset-
1. However, this SP value is insignificant because although
the solutions are well-spaced, this front does not achieve
good values of HVR and GD. In addition, such an SP value
does not indicate good diversity and distribution because the
MOSFBA front is uniformly distributed under the reference
Pareto front, which denotes good coverage (as indicated by
the HVR). Regarding Figure 7b, which covers the dataset-
2, we observe that the Pareto fronts from both NSGA-II
and MOSFBA are quite similar to the reference front. How-
ever, while both algorithms exhibit similar convergence to
the reference, NSGA-II demonstrates superior diversity, as
reflected by its higher SP value, in contrast to MOSFBA.

Finally, we may conclude that MOSFBA yielded better
results for the dataset-1 and comparable performance for
dataset-2. In this case, one can argue that the low perfor-
mance of the NSGA-II algorithm for the larger instance
(dataset-1) may be related to the amount of precedence
between the requirements depicted in the instance. As ex-
plained by del Sagrado et al. (2011), the number of prece-
dences between requirements adds restrictions to the prob-
lem making the genetic operators often not be able to obtain
valid solutions. This challenge is less pronounced for Simu-
lated Annealing, the metaheuristic used in MOSFBA, as it
relies primarily on a mutation operator that causes only mi-
nor disturbances.
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Table 5. Average, Standard Deviation (SD) and Effect Size values of HVR, GD, and SP obtained by MOSFBA and NSGA-II

Algorithm Instance HVR GD SP
AVG±SD Â12 AVG±SD Â12 AVG±SD Â12

dataset-1 MOSFBA 0.684±2e-04 1▲ 3e-04±0 0▼ 0.5121±0.0214 0▼

dataset-2

NSGA-II 0.5668±0.0597 0.0121±0.0232 0.8811±0.0804
MOSFBA 0.5813±0.002 0.0589▼ 2e-04±1e-04 0.8597▲ 0.5266±0.0584 0▼NSGA-II 0.5873±0.0054 1e-04±3e-04 1.7293±0.1444

(a) Results considering dataset-1

(b) Results considering dataset-2
Figure 7. Known Pareto Fronts for each dataset and SE metric.

Our results indicate that MOSFBA performed better than
NSGA-II for the larger dataset (dataset-1), which presented
a complex search space due to the numerous constraints gen-
erated by the precedences between the requirements. Con-
versely, NSGA-II slightly outperformed MOSFBA for the
smaller dataset (dataset-2), which had fewer constraints.
However, upon analyzing the solutions generated by both
algorithms for dataset-2, we found that their performance
was comparable (see Figure 7b). As a result, we can reject
the null hypothesis H10 and accept the alternative hypothesis
H11, which states that the MOSFBA has comparable perfor-
mance to NSGA-II. By rejecting H10, we can also reject H20,
which was the main analysis element of the study, and accept
the alternative hypothesis H21. Therefore, we can conclude
that the proposed mathematical model effectively controls

relevance and guides algorithms to good solutions that are
superior (dataset-1) or closely comparable (dataset-2) to the
NSGA-II, considering the scenarios where not all SE metrics
should have necessarily the same weight.

5 Threats to Validity
Barros and Dias-Neto (2011) researched the validation of ex-
perimental studies in SBSE, listing possible threats that may
occur according to four major types: Conclusion, Construc-
tion, Internal and External. We discuss below these threats
and how they were mitigated in the course of this research.
Among the conclusion threats, one can not discard the

challenge of dealing with the random variation since stochas-
tic algorithms were used and, consequently, different exe-
cutions can generate different results. Furthermore, all algo-
rithms run in these two experiments are (or use) metaheuris-
tics. In order to mitigate this threat, 30 executions were made
for each algorithm, collecting the average and standard devia-
tion of the metrics analyzed. We also applied statistical tests
to the populations of results. In addition, a lack of a more
robust performance baseline is another limitation. In Experi-
ment #1, we analyzed two SBSE problemswith a constrained
number of instances. However, all of them are based on real-
world data. Regarding Experiment #2, we approached the
Multi-objective Next Release Problem (MONRP) with two
real-world instances (varying the number of requirements).
By analyzing the internal threats, we may observe the in-

fluence of the parameter settings on the algorithms’ perfor-
mance. According to Arcuri and Fraser (2011), it is recom-
mended that a tuning process on the parameters is a way to
ensure a fairer comparison. Indeed, parameter definition in
SBSE is depicted as an usual challenge (Arcuri and Fraser,
2013). However, as Experiment #1 does not compare algo-
rithms but the influence of using different fitness functions
on the result (using the same algorithm with the same pa-
rameters), these configurations do not directly influence the
dependent variables. Also, in Experiment #2, the parameters
were empirically obtained and were carefully defined consid-
ering prior research and the problem domain. Moreover, the
Simulated Annealing coupled in the MOSFBA is extremely
sensitive to instance change, which makes the ideal parame-
ters for dataset-1 far from the parameters for dataset-2. Re-
garding the clarity of tools and procedures to obtain the in-
stances, all instances are based on real-world data, and the
papers that make them available were cited. These instances
are also open and available in our supporting repository. We
also provide in Section 3 and 4 all details concerning the de-
sign and implementation of our approach and experiments. In
Experiment #1, we used the Genetic Algorithm (GA) due to
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its effectiveness inmono-objective optimization tasks, which
aligned with the nature of the problem (Alizadeh et al., 2019;
Almeida Neto et al., 2022). For Experiment #2, we selected
Simulated Annealing (SA) because of its lower complexity
and reduced memory and time requirements (Delahaye et al.,
2019; van Laarhoven and Aarts, 1987). The use of different
algorithms for each experiment ensured a fair comparison
and minimized potential biases between the single-objective
and multi-objective setups.
Concerning the construction threats, in Experiment #1,

there was no need for computational cost evaluation, given
that an algorithmwas used varying only how the fitness func-
tion is calculated. In Experiment #2, both evaluated algo-
rithms were run for identical amounts of time. However, the
computational costs arising from using hardware (such as
RAM, GPU, and CPU) were not considered. Nevertheless,
this issue is not covered by our research aim. We also note
that while our approach uses simulated global best/worst val-
ues to establish a stable baseline for comparison, this sim-
plification may not fully capture the dynamic nature of fit-
ness evaluations in algorithms employing external archives
(e.g., hall-of-fame mechanisms). In real-world applications,
the evolving nature of these references may lead to discrep-
ancies when comparing archived solutions with current ones,
as archived solutionsmay no longer represent themost recent
progress. To address this issue, re-evaluating archived solu-
tions against updated global best/worst values is important
to maintain consistency and fairness in fitness comparisons.
This re-evaluation ensures that archived solutions reflect the
latest state of the algorithm, preventing outdated solutions
from unfairly influencing the overall search process. While
this approach introduces additional computational overhead,
the impact on real-world performance is mitigated through
periodic re-evaluations that help maintain the accuracy of the
archive. However, this issue does not affect the validity of
our experimental setup, as the simulated global values pro-
vide a consistent and stable reference for the comparative
analysis.
Finally, about external threats, while our empirical study

focused on three specific SBSE problems (Bugs Prioritiza-
tion, Release Planning Problem, and Multi-Objective Next
Release Problem), these problems were selected with care
to represent diverse aspects of SBSE and their suitability for
testing our proposed scalarizing-based approach. We consid-
ered previously published (Dantas et al., 2015; Dreyton et al.,
2015; Karim and Ruhe, 2014) and based on real-world in-
stances of each problem to account for variation within the
problem space. This approach allowed us to assess the robust-
ness of our proposed scalarization-based model across differ-
ent problem instances. In particular, the Genetic Algorithm
(GA) was selected as the primary search optimizer in our
study due to its widespread adoption, consistency, and bench-
marking value in SBSE. GA’s scalability, established tuning
guidelines, and suitability for complex software optimization
problems align with the objectives of our research. While we
acknowledge the existence of alternative algorithms, our de-
liberate choice of GA ensures a focused and fair comparison
with our proposed scalarizing-based approach.
Lastly, our aimwith our empirical study was not to exhaus-

tively cover all possible SBSE domains but rather to focus

on a diverse set of problems that are representative of dif-
ferent scenarios of the SBSE development lifecycle. In this
sense, we emphasize that the goal of our research is not to
make sweeping claims about the entire field of SBSE but to
introduce and validate our proposed scalarization-based ap-
proach. Hence, our findings encourage the SBSE community
to further investigate the applicability of ourmodel to various
problems.

6 Conclusion
In the Search-Based Software Engineering (SBSE) field, sev-
eral works propose evaluation functions that utilize a set of
Software Engineering (SE) metrics, which vary on different
properties, such as the domain to which their values belong.
This variability in SE metric values can lead to some metrics
being favored over others during the search process without
proper acknowledgment of the decision maker. To address
this issue, this study proposes a generic mathematical model
based on the concept of scalarization function that aims to
achieve better control over the relevance of SE metrics dur-
ing the search process.
The empirical study conducted in this work aimed to inves-

tigate two perspectives. In the first perspective, we examined
the control capability of our approach in a scenario where all
SE metrics should have the same relevance during the search
process. Specifically, we sought to understand how this ap-
proach influenced the relevance and control of software met-
rics during the optimization process. To do so, we compared
the performance of our proposal with two existing SBSE so-
lutions that utilized aggregated fitness functions. The second
perspective focused on evaluating the proposal’s efficacy in
a scenario where all SE metrics do not necessarily should
have the same relevance during the search process. In other
words, we explored how our scalarizing-based model could
handle various weight configurations beyond equal weights.
We compared the performance of our approach enabled by
our proposed multi-objective algorithm (MOSFBA) with the
well-established NSGA-II.
The results of our empirical study demonstrated the feasi-

bility of our scalarizing-based model as well as its capability
to provide isonomic relevance between SEmetrics during the
search process than the canonical models proposed in pre-
vious works addressing the Release Planning Problem and
Bug Prioritization Problem. Moreover, the MOSFBA out-
performed the NSGA-II for the larger instance of the Multi-
Objective Next Release Problem and achieved comparable
performance for the smaller instance.
The researchmakes three significant contributions. First, it

highlights the importance of understanding SE metrics com-
prehensively, including their impact and value range in the
search-based optimization process, enabling informed met-
ric selection. Second, it introduces a novel and generic math-
ematical model that utilizes scalarization function to normal-
ize SE metrics in SBSE, adapting dynamically during the
search process, thus enabling comparisons between metrics
with varying scales. Lastly, through empirical evidence, we
demonstrate that our approach promoted an equitable search-
based process and achieved competitive performance when
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each SE metric must carry equal weight. These contribu-
tions enhance SE metric understanding and offer valuable
advances for the design of fitness functions in SBSE.
Future work would evaluate our approach for more SBSE

problems, including many-objective scenarios and larger in-
stances. Another avenue could explore direct comparisons
with MOEA/D and preference-based algorithms to further
validate the scalarization approach and expand its applicabil-
ity across diverse SBSE problem contexts. Additionally, as
the search space constantly changes, regarding fitness func-
tion, whenever a solution with the best/worst value is found
for a metric, Evolutionary Dynamic Optimization could be
explored by adapting our proposed model. Lastly, given the
decision maker’s freedom to configure parameters that indi-
cate the relevance of each SE metric alongside the optimiza-
tion process, our scalarizing-based approach could be ana-
lyzed in an Interactive Optimization setup.
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