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Abstract
Maintaining software quality is crucial in the dynamic landscape of software development. Regression
testing ensures that software works as expected after changes are implemented. However, re-executing
all test cases for every modification is often impractical and costly, particularly for large systems.
Although very effective, traditional test suite optimization techniques are often impractical in resource-
constrained scenarios, as they are computationally expensive. Hence, quantum computing solutions
have been developed to improve their efficiency but have shown drawbacks in terms of effectiveness.
We propose reformulating the regression test case selection problem to use quantum computation
techniques better. Our objectives are (i) to provide more efficient solutions than traditional methods
and (ii) to improve the effectiveness of previously proposed quantum-based solutions.
We propose SelectQA, a quantum annealing approach that can outperform the quantum-based
approach BootQA in terms of effectiveness while obtaining results comparable to those of the clas-
sic Additional Greedy and DIV-GA approaches. Regarding efficiency, SelectQA outperforms DIV-GA
and has similar results with the Additional Greedy algorithm but is exceeded by BootQA.

Keywords: Regression Testing, Quantum Computing, Search-based Software Engineering

1 Introduction
In the ever-evolving landscape of software
development, software quality assurance is of
fundamental importance. As software systems
undergo continuous modifications and enhance-
ments, ensuring these changes do not introduce
unintended side effects or defects becomes impera-
tive. In response to this need, regression testing [1]
verifies whether previously developed and tested

software components still work as expected after
a change is performed.

Ideal regression testing would re-run all the
available test cases of a given software system.
However, in addition to being potentially very
costly, this could even be impractical in some
cases [2, 3], especially for large systems and when
the re-execution of entire test suites occurs for
every single modification. Several approaches have
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been suggested to streamline the regression test-
ing process, such as selecting a potentially mini-
mal subset of test cases from the test suite based
on specific testing criteria [4–10]. Alternatively,
strategies include prioritizing the execution of test
cases, aiming first to run those anticipated to
uncover faults earlier in the testing cycle [11–14].

In this scenario, test case selection [1, 15] is
one of the most widely investigated test suite
optimization approaches. It consists of choosing
a subset of test cases from a pool of possibili-
ties (i.e., the test suite), ensuring comprehensive
coverage and efficient use of testing resources.

While the significance of test case selection
is undeniable, traditional techniques face serious
challenges, primarily related to computing costs.
Conventional approaches, often rooted in opti-
mization algorithms, such as greedy algorithms [4]
and search-based approaches like DIV-GA [8],
demand extensive computational resources to
deliver optimal results. The computational bur-
den reduces the efficiency of these methods and
poses practical limitations, especially in scenarios
where resource-intensive testing is unavailable.

Relying on quantum computing could over-
come the limitations of traditional techniques.
This new computation technology harnesses the
principles of quantum mechanics to process infor-
mation in ways fundamentally different from clas-
sical computers. The intrinsic parallelism and
exponential computational capacity of quantum
systems offer a potential breakthrough for over-
coming the resource constraints associated with
traditional test case selection techniques [16, 17].

The current state-of-the-art quantum comput-
ing techniques for test suite optimization are rep-
resented by BootQA [18] and IGDec-QAOA [19].
These techniques represent the first quantum
approaches developed for the test suite opti-
mization problem. BootQA resolves the prob-
lem through quantum annealing, whereas IGDec-
QAOA uses the quantum approximate optimiza-
tion algorithm (QAOA). We focus on quantum
annealing as a first step. Developing QAOA
strategies is way more challenging due to the sig-
nificant limitations of current gate-based quantum
computers compared to annealing ones. We will
perform such a comparison in future work.

This paper proposes SelectQA, a novel quan-
tum computing approach that solves the Test

Case Selection (TCS) problem. Like for BootQA,
the algorithm is implemented through the D-Wave
environment [20], which can solve NP-hard com-
binatorial problems through “Quantum Simulated
Annealing” [21, 22].

Leveraging Quantum Simulated Anneal-
ing [23, 24] and executing different runs of
experimentation, SelectQA can produce great
(and statistically reliable) results, both in terms
of effectiveness and efficiency. In particular, in
terms of effectiveness, SelectQA outperforms
BootQA while producing results comparable to
those of additional greedy and DIV-GA. In terms
of efficiency, SelectQA has shown a practically
constant total execution time, regardless of the
problem size, demonstrating its great scalability.
In this perspective, SelectQA outperforms DIV-
GA but is outperformed by BootQA. Additional
greedy performs faster than SelectQA in two out
of four cases, showing its remarkable ability to
solve small problems while impractical for larger
ones.

These results promise to address the com-
putational challenges plaguing traditional meth-
ods. As quantum computing continues to emerge
as a driving force in optimization tasks, this
work has aimed to provide a significant stride
toward advancing the efficiency and effectiveness
of regression testing in contemporary software
development paradigms, taking additional steps
into quantum software engineering research.

Overview of the paper: Section 2 intro-
duces with much more detail the problems of test
case selection that SelectQA aims to solve and the
methods that represent the current state-of-the-
art with which to compare SelectQA; Section 3
describes the actual mathematical formulations
behind the work of SelectQA; Section 4 first
introduces the goals, metrics, and configurations
planned for the experiments; then, it shows the
actual results with the correspondent conclusions.
Section 5 makes a deeper analysis of all the threats
to the validity of this study; finally, Section 6
concludes the paper and envisions future work.

2 Background
This section introduces test case selection, its
multi-objective formulation, and the usage of clas-
sical and quantum optimizations to solve it.
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2.1 Test Case Selection as
Optimization Problem

Test case selection focuses on selecting a subset of
a test suite to test software changes, i.e., to test
whether unmodified parts of a program continue
to work correctly after changes involving other
parts [25]. Various techniques, such as Integer
Programming [26], symbolic execution [27], data
flow analysis [28], dependence graph-based meth-
ods [29], and flow graph-based approaches [25],
can be employed to identify the modified por-
tions of the software. Once test cases covering
the unchanged program segments are pinpointed
using a specific technique, an optimization strat-
egy can select a minimal set of these test cases
based on certain testing criteria (e.g., branch cov-
erage). The ultimate aim is to reduce the costs
associated with regression testing.

While initially test case selection was con-
sidered a single-objective optimization problem,
advancements in the method revealed that opti-
mizing only one objective is insufficient, as many
tests often need to satisfy multiple criteria simul-
taneously. Therefore, Yoo et al. [4] introduced
the idea of using Pareto sets to address a multi-
objective version of the test case selection prob-
lem. In particular, in their multi-objective variant,
the goal is to build a Pareto-efficient subset of the
starting test suite, leveraging different selection
criteria, given a set of components to test.

Let Γ = {τ1, τ2, ..., τn} be the starting test
suite and let F = {f1, f2, ..., fm} the set of
objective functions that mathematically formalize
the criteria for the selection process. The multi-
objective formulation of the test case selection
problem can be seen as selecting a subset Γ′ ⊆ Γ
such that Γ′ is the Pareto-optimal set concerning
the objective functions in F .

What emerges from the definition above is that
the optimality of a solution is measured using the
concepts of Pareto optimality and dominance. A
solution X is said to be Pareto-optimal if and
only if it is non-dominated by any other solu-
tion in the entire search space, which means that
any other solution Y that improves one of the
objective functions worsens other objectives. The
set of all the non-dominated solutions is called
the Pareto-optimal set, and the corresponding
objective vectors form the Pareto frontier.

Multi-objective genetic algorithms, namely
MOGAs, are often applied to solve this prob-
lem. Yoo and Harman [4, 5] explore test case
selection through an experimental study, employ-
ing the additional greedy algorithm, NSGA-II
algorithm, and a variant of NSGA-II, called the
vNSGA-II algorithm. The findings indicate that
the additional greedy algorithm is more suitable
for single-objective test case selection. In con-
trast, NSGA-II and vNSGA-II algorithms perform
better in multi-objective test case selection.

They [4, 5] also considered three contrasting
criteria for the selection: code coverage, execu-
tion time, and fault history information. Then,
empirical results showed no clear winner between
MOGAs and additional greedy [4], nor did a
hybrid approach produce better results [5].

Later on, Panichella et al. [8] introduced DIV-
GA, an algorithm that improves the NSGA-II
algorithm by injecting diversity into the genetic
algorithm, reducing the genetic drift phenomenon
in NSGA-II and enhancing the effectiveness and
efficiency of test case selection.

2.2 Quantum Optimization for Test
Case Selection

The “quantum era” promises to impact program
computation so that even NP-hard problems will
be solvable.

Qubits, generally represented by the electron
spin, can represent different variable values at the
same time. While a bit can represent a zero or
a one, a qubit can be in a state of either of the
two classical values with a certain probability. The
actual value of a qubit is then known with the pro-
cess of measurement, where the qubit is collapsed
to a classical bit; when this happens, the qubit
must be reset to make it reusable as a qubit.

Quantum optimization algorithms, such as
Grover’s Algorithm [30], use quantum oracles to
search for unknown spaces with linear complexity.
Quantum environments, e.g., D-Wave Quantum
Leap, optimize NP-hard problems through adia-
batic quantum optimization, defining the problem
as a quantum system and its energy as a Hamil-
tonian to find the lowest energy solution.

Quantum approximate optimization algo-
rithms (QAOAs) showed great potential in solving
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optimization algorithms, exploiting the capabil-
ities of both classical and quantum computa-
tions. Wang et al. [19] proposed IGDec-QAOA, a
method that resolves the test suite optimization
problem as a QAOA problem, reaching significant
effectivity levels; as explained earlier, we decided
to leave further comparisons with IGDec-QAOA
as future work.

Resolving optimization problems is the main
focus of quantum annealers, a special kind of
quantum computer designed for this specific goal,
which applies the quantum version of simulated
annealing: Quantum Annealing (QA). While the
gate model divides problems into a sequence
of operations on the qubits, quantum annealing
translates the problem into a quantum system of
qubits to find the minimum energy configuration
through a gradual quantum state transition.

The method takes the steps from the Adiabatic
Theorem [31][32], according to which, starting
a quantum system from its ground state, which
represents its minimum energy state, if the Hamil-
tonian of the system changes slowly enough, the
system will remain in its ground state during
the whole evolution process. It solves combina-
torial optimization problems by starting from a
trivial- or easy-to-compute ground state related to
an initial Hamiltonian and then slowly evolving
the system towards a final Hamiltonian represent-
ing the problem to solve; thus, its ground state
would represent the solution to the problem.

Quantum annealing formalizes combinatorial
optimization problems as single-objective ones. In
particular, D-Wave uses the QUBO (Quadratic
Unconstrained Binary Optimization) model to
represent the objective function to minimize (i.e.,
the final Hamiltonian). It allows evaluating mul-
tiple states simultaneously and finding optimal
solutions more efficiently, especially in complex
landscapes where classical methods may strug-
gle [24]. This heuristic algorithm cannot guarantee
finding the optimal solution; therefore, it uses
multiple sampling processes to generate candidate
solutions in a single execution.

The main reason behind the choice of quan-
tum annealing instead of gate-based quantum
algorithms is the limitations of the former in
available qubits, which are insufficient to resolve
complex optimization problems. In particular, the
two quantum annealing approaches experimented

with in this work, BootQA and SelectQA, use dif-
ferent strategies to cope with highly complex and
qubit-demanding problems. While BootQA per-
forms a custom local decomposition strategy, that
is, bootstrapping sampling, to obtain subproblems
that can be solved directly by the QPU of the
D-Wave Advanced System [33], SelectQA relies
on the D-Wave Hybrid Solver Service (HSS) [34].
HSS takes the original QUBO model Q of the
problem to solve as input and runs different hybrid
solvers running on both CPUs and QPUs in
parallel. The hybrid solvers query the D-Wave’s
Advantage QPU with sub-instances of the ini-
tial Q using Query Modules (QMs). The hybrid
solvers interpret the results as suggestions about
promising areas of the search space.

Wang et al. [18] pioneered using quantum
annealing for test suite optimization, proposing
BootQA. This quantum annealing tool is designed
to resolve the test suite optimization problem
using quantum annealing and circumvent the
physical limitations of currently available quan-
tum annealers. It is an alternative approach whose
first purpose is minimizing the number of test
cases, promoting at the same time other defined
objectives. BootQA answers two research chal-
lenges: (i) designing a brand new QUBO model
for the test suite optimization problem and (ii)
designing a new method of qubit optimization.
Due to their limited number of available qubits,
the currently available quantum annealers can
resolve large-scale problems only relying on clas-
sical computations as hybrid solvers do, like the
one used by SelectQA [34].

Therefore, BootQA applies bootstrap sampling
to decompose the original problem into smaller
sub-problems (see Figure 1). The idea is to build
small sub-problems by sampling subsets of test
cases from the original test suite, ensuring that
each generated sub-problem is solvable using the
available quantum annealers.

Starting from the original test suite TS,
BootQA decomposes it into m smaller test suites
of size n. Of course, n is chosen based on the
limitations of QA hardware. The m subsets are
sampled randomly, meaning the same test case
can appear in different sampled subsets. So, to
make BootQA cover an exhaustive percentage of
the test cases (depicted by the hyperparameter β),
m is empirically set large enough. The resulting
m subsets are used as input for the sub-problem
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Fig. 1 BootQA [18] overview

QUBO formulation, then individually resolved
by the annealing process, resulting in a sub-
solution. For each sub-problem, an overall objec-
tive, which is an instance of the generic QUBO
function, is constructed. Eventually, the different
m sub-solutions derived from each sub-problem
are merged into one single solution. In particu-
lar, each selected test case in each sub-problem is
considered selected in the final solution.

Configuring BootQA to achieve the best sub-
set of test cases could be challenging; therefore,
we contacted the authors of the original paper [18]
to ensure a correct configuration. Although the
n parameter can be easily chosen, configuring
the corresponding optimal m parameter is way
more tedious. The configuration should assume
values that allow the sampling process to obtain
adequate coverage compared to the original test
suite. The sampling should be conducted several
times with different (m, n) pairs to select the opti-
mal value, spending large amounts of execution
time and possibly exceeding the time supplied
by D-Wave. Furthermore, the random nature of
sampling hinders direct control of the test case
coverage, leading to the sampled sub-suites not
representing the initial test suites and unstable
solutions that do not represent good trade-offs
between the objectives.

Table 1 Algorithm definitions

# Definition
i unique index identifying a test case
k unique index representing a statement
Γ the starting test suite
Tk list of all test cases running the k-th statement
xi binary variable that specifies if the i-th test

case is part of the solution
cost(τi) normalized execution cost of the i-th test
ei binary variable that indicates whether the i-th

test case has detected errors in the past
fi the failure rate, i.e., the percentage of times a

test case spotted a failure in the past
α weight factor to modulate the contrast ratio

between the objectives of the problem
P penalty coefficient to regulate the weight of the

constraints of the problem

3 SelectQA
This section introduces SelectQA, a method based
on quantum annealing to solve the test case selec-
tion problem, as described in Section 2.1. To
fully understand how the problem has been mod-
eled, we provide the definitions of variables and
functions necessary for its formulation in Table 1.

3.1 General QUBO Formulation
Formulating the test case selection problem as a
QUBO problem involves a series of steps seam-
lessly integrating into a coherent framework. Ini-
tially, the primary objectives are set out, focusing
on minimizing the execution cost of the test suite
while maximizing its efficacy in detecting failures.
We aim to compare the SelectQA approach with
classical and quantum approaches, so we devel-
oped two different formulations: one coherent with
the objectives chosen by Panichella et al. [8],
the other coherent with the objectives chosen by
Wang et al. [18]. In the three-objective version
coherent with Panichella et al. [8], each test case
is characterized by its execution cost, historical
information about its ability to detect failures,
and the statements it covers. In the two-objective
version coherent with Wange et al. [18], each test
case is characterized by its execution cost and the
failure rate, i.e., the percentage of failures spotted
by a test case based on the fault history. The two
versions implement an algorithm that resolves the
Minimum Vertex Cover problem. Furthermore,
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integrating the statement coverage constraint into
the linear equation aligns with Serrano et al. [35].

3.1.1 The Three-Objective Version of
SelectQA

The goal is to find the smallest subset of test
cases that collectively covers all necessary pro-
gram statements (those covered by the initial suite
Γ), referred to as set S. Each test case is essentially
a subset of S (in terms of the statements it cov-
ers), and the challenge is to identify the minimal
collection of these subsets that efficiently covers
the entire set S.

In the QUBO framework, this problem is
expressed using binary variables (0 or 1) to rep-
resent the inclusion or exclusion of a test case
in the final suite. The QUBO problem is then
described by a Hamiltonian function or a Binary
Quadratic Model (BQM), which incorporates the
linear impacts of each test case and the quadratic
terms representing interactions between differ-
ent test cases, such as overlapping coverage of
program statements. Following the methodologies
proposed by Glover et al. [36], we transform the
linear objectives of the test case selection problem
into a quadratic form by creating a Hamilto-
nian that encapsulates the individual contribu-
tions of each test case and their interrelations.
The formulated Hamiltonian is processed using
quantum annealing, specifically the D-Wave sys-
tem, designed for solving QUBO problems. This
approach allows efficient solution space explo-
ration to find the optimal subset of test cases.
This method leverages quantum computing capa-
bilities and promises more efficient solutions than
classical algorithms, particularly for extensive and
complex test suites.

The first goal of SelectQA consists of mini-
mizing the overall execution cost of the resulting
(sub-) test suite. Considering τi a generic test case
and cost(τi) its corresponding normalized exe-
cution cost, the function that represents the first
goal to minimize is formalized as follows:

α

|Γ|∑
i=1

[xi · cost(τi)] (1)

The second objective of SelectQA consists of
maximizing the overall fault coverage of the result-
ing (sub-) test suite. Here, having ei indicating
whether the i − th test did detected a failure in
the past, the function that represents the second
goal to maximize is formalized below as:

(1 − α)
|Γ|∑
i=1

(ei · xi) (2)

Since we want to minimize the overall objec-
tive Hamiltonian, the second objective function is
converted to the following one to minimize:

−(1 − α)
|Γ|∑
i=1

(ei · xi) (3)

Please note the presence of the α coefficient
within the two target functions. This coefficient is
a weight factor (0 < α < 1) to establish prefer-
ence towards one goal rather than another using
a weighted sum [37]. α = 0.5 means that two
objectives are equally important, whereas other
values represent the more relevance of an objective
over the other. The final function to be minimized
consists of two parts and is formulated as follows:

H = α

|Γ|∑
i=1

[xi · cost(τi)] − (1 − α)
|Γ|∑
i=1

(ei · xi) (4)

We introduce a critical constraint to main-
tain the coverage level of the initial test suite:
each program statement executed in the original
suite must be covered by at least one test case of
the final selection. This constraint is essential to
ensure that the final suite still comprehensively
covers all necessary program statements despite
reducing the number of test cases. This step allows
maintaining the integrity and effectiveness of the
test coverage by adding the following constraint:

∑
i∈Tk

(xi) ≥ 1 (5)

The constraint states that at least one test case
that executes the k statement must be selected.
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The list of test cases that run the k-th statement
is Tk. Since a program has several statements, we
apply the constraint for each statement to cover
and obtain the following constraints:

∑
k

(
∑
i∈Tk

(xi − 1)2) (6)

Given the previously described objectives and
constraints, we construct a Hamiltonian expres-
sion to transform the linear test case selection
problem into a QUBO problem. To this end, we
add a penalty constant (P ) [36], which balances
the importance of constraints within the Hamilto-
nian. The use of penalties is crucial when dealing
with problems that include additional constraints
other than the one requiring variables to be
binary. This kind of problem can be re-formulated
as QUBOs leveraging a penalty coefficient in the
objective function, which represents an alterna-
tive to the explicit use of separated constraints.
For minimizing objective functions, penalties are
equal to zero for acceptable solutions and equal
to some positive value for unacceptable solutions.
In other words, the optimizer itself, by the intro-
duction of penalties, will search for the solution
to avoid incurring the penalties. Empirically, set-
ting the P penalty weight can be done using the
Upper Bound strategy, which consists of setting
P to be slightly higher than the maximum pos-
sible value achievable by the objective function.
This step ensures that the penalty aligns with the
application domain and significantly influences
the solution process [38]. Hence, we have:

H = α

|Γ|∑
i=1

[xi · cost(τi)]

− (1 − α)
|Γ|∑
i=1

(ei · xi)

+ P ·
∑

k

(∑
i∈Tk

(xi − 1)2

)
(7)

The last part of the equation
(P ·

∑
k

(∑
i∈Tk

(xi − 1)2)), representing the
constraints can be simplified as follows:

P ·
∑

k

(
∑

i,j∈Tk

(x2
i + 12 + 2xixj − 2xj)) (8)

which can be further simplified as follows:

∑
k

(
∑

i,j∈Tk

(−Pxi + 2Pxixj)) (9)

The resulting BQM expression of the Hamil-
tonian (i.e., QUBO in this case) is the following:

H = α

|Γ|∑
i=1

xi · cost(τi)

− (1 − α)
|Γ|∑
i=1

(ei · xi)

+
∑

k

∑
i,j∈Tk

(−Pxi + 2Pxixj) (10)

3.1.2 The Two-Objective Version of
SelectQA

The procedure to obtain a two-objective formu-
lation of the problem to compare it with the
same dataset used by BootQA is the same. In
this case, we have a two-objective linear prob-
lem where we want to minimize the final suite
execution cost while maximizing its failure rate.
Without repeating the previous procedure, we for-
mulate the two objectives and combine them into
a linear equation. We obtain:

H = α

|Γ|∑
i=1

xi · cost(τi) (11)

− (1 − α)
|Γ|∑
i=1

(fi · xi)

Where the costs are normalized, and fi is a
percentage value representing the failure rate.

4 Empirical Evaluation
This section describes our goal, research ques-
tions, and research methods.
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4.1 Goal and Research Questions
The goal is to evaluate the efficiency and effec-
tiveness of the quantum-annealing-based test case
selection method SelectQA and compare it to clas-
sical and quantum state-of-the-art approaches.
The perspective is of researchers and practition-
ers: while the former are interested in improv-
ing state-of-the-art and classical computing tech-
niques, the latter are interested in having a
practically exploitable solution to their testing
problems. We aim to answer the following research
questions:

RQ1: Is SelectQA more effective than
traditional state-of-the-art methods and
than the BootQA method?

RQ2: Is SelectQA more efficient than tra-
ditional state-of-the-art methods and than
the BootQA method?

Since the metrics used to assess the efficiency
and effectiveness of the classical and quantum
strategies differ, the analysis is split into two
parts. First, we describe the research method fol-
lowed to compare SelectQA to its classical coun-
terparts and the results of this empirical analysis.
Then, we discuss how we compared SelectQA to
BootQA and the results of this second analysis.

4.2 Comparing SelectQA to
Traditional TCS Algorithms

Table 2 Characteristics of the programs under study

Program LOC # TCs Description

flex 10,459 567 Fast lexical analyzer
grep 10,068 808 Regular expression utility
gzip 5,680 215 Data compression program
sed 14,427 360 Non-interactive text editor

4.2.1 Study Context
One of the goals of this study is to evaluate the
performance of SelectQA in resolving the TCS
problem in terms of the three objectives depicted
earlier: code coverage (in particular statement

coverage), execution cost, and past faults cov-
erage. The study context consists of four GNU
open-source programs from the software-artifact
infrastructure repository (SIR)[39]: flex, grep, gzip
and sed. Table 2 reports the main characteristics
of such programs. The choice of these programs is
not random since they have been used in previous
work, including the one proposing DIV-GA [8].
The following describes the test case selection
criteria and how they have been gathered.
• Statement Coverage. Statement coverage rep-

resents how test cases execute source code
statements. To extract these data, we used gcov,
which can track the statements executed by
each test case in C programs.

• Execution Cost. We did not rely on their exe-
cution time as external factors could influence
it. Instead, the cost is calculated by count-
ing the executed elementary instructions. This
approach is consistent with previous work by
Panichella et al. [8]. We used gcov to determine
the execution frequency of each basic block (i.e.,
a linear section of code that is not branched
and has only one entry and exit point). Block
count is preferred over line count, as one line
may contain multiple branches or function calls.

• Past Faults Coverage. The SIR provides ver-
sions of the programs, each featuring injected
faults, specifying, through the use of a fault
matrix, whether a given test case has detected
errors in the past. This information is trans-
lated into a binary value associated with the
corresponding test cases.

4.2.2 Experiment Configurations
The compared algorithms have been executed
ten times to ensure correct empirical analysis of
the results and mitigate the effects of the ran-
dom nature of quantum algorithms, such as the
annealing used by SelectQA. We compared:
• SelectQA proposed in this paper, which resolves

a QUBO reformulation of the TCS problem
leveraging quantum annealing;

• DIV-GA by Panichella et al. leverages diversity
to generate more effective solutions [8];

• Additional Greedy by Yoo and Harman [4] uni-
fies the three objectives into a single objective
function to minimize and incrementally build a
set of non-dominated solutions.
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SelectQA and additional greedy have been
implemented in Python, the former leveraging
the dwave and dimod libraries. To compare the
three algorithms, we implemented the QUBO
formalization for the three-objectives TCS prob-
lem (the results and the code to replicate the
experiments follow the instructions in [40]). Since
quantum annealing is a single-objective algorithm,
we built its solution incrementally following the
same strategy used by additional greedy. So, start-
ing from the selected test cases obtained by the
annealing process, we incrementally produced a
set of non-dominated solutions (sub-suites) [40].
DIV-GA has been implemented using MATLAB
R2024a Global Optimization Toolbox, customiz-
ing the gamultiobj routine; the generation of the
initial population has been performed using the
rowexch, hadamard and sortrows routines. We set
the DIV-GA parameters as described in the origi-
nal work [8]. All implementations are available as
part of our online appendix [40].

4.2.3 Evaluation Metrics
Effectiveness. To evaluate the quality of a multi-
objective optimization algorithm, its yielded
Pareto frontier should be compared to the actual
one. Nevertheless, when resolving large problems
like TCS, knowing the actual Pareto frontier a
priori is impossible due to the impossibility of an
exhaustive search. The only way is to perform an a
posteriori evaluation, building, following the work
by Panichella et al. [8], a hybrid frontier com-
posed of all the non-dominated solutions between
all the different frontiers obtained by each dif-
ferent algorithm for all the runs. Such a hybrid
frontier is called reference Pareto frontier [4]. Let
P = {P1, ..., Pl} be the set of l different Pareto
frontiers obtained after all the experiment runs by
all the evaluated algorithms, the Pareto frontier
Pref is defined as follows.

Pref ⊆
l⋃

i=1
Pi (12)

where ∀p ∈ Pref∄q ∈ Pref : q > p.
Given the reference frontier, we computed

the number of non-dominated solutions, i.e., the
number of non-dominated solutions found by an
algorithm selected for the final reference frontier.

To ensure the empirical reliability of the
results, we statistically analyzed the results to
check whether the differences between the results
obtained by the compared algorithms are signif-
icant. The results obtained over ten independent
runs have been compared using Mann-Whitney
U test [41]. Significant p-values mean that the
null hypothesis, i.e., there is no statistically rel-
evant difference between the effectiveness of the
algorithms, has to be rejected in favor of the
alternative one: statistically speaking, one of the
two algorithms exhibits more non-dominated solu-
tions selected by the reference Pareto frontier (we
reject the null hypothesis for p-values < 0.05).
Finally, we estimated the magnitude of the dif-
ference between the performance reported by the
algorithms using the Vargha-Delaney effect size
(Â12) [42]. The effect size is interpreted as small
in the range (0.34, 0.44] or [0.56, 0.64), medium in
the range (0.29, 0.34] or [0.64, 0.71), and large in
the range [0, 0.29] or [0.71, 1].
Efficiency. We analyzed the mean total run
time of the algorithms over ten independent
runs to compare their efficiency. DIV-GA and
additional greedy have been executed on an
Apple Macbook Air featuring an M1 chip and
16GB of RAM. The quantum annealing pro-
cess was run on the D-Wave Leap Hybrid Solver
hybrid binary quadratic model version2 [34].
We used the D-Wave’s “run-time” metric to
obtain reliable results, reporting the total time
needed for the machine to finish the operation. We
statistically analyzed the total run times obtained
over ten independent runs by each of the three
algorithms leveraging the Mann-Whitney U test.
We quantified the magnitudes of their differences
using the Vargha-Delaney effect size (Â12).

4.2.4 Results: RQ1 - Effectiveness
Table 3 reports the means and standard devia-
tions of the size of the Pareto frontier and the
number of non-dominated solutions for the three
compared algorithms obtained by executing them
ten times independently. The additional greedy
algorithm always finds the larger set of solu-
tions, but those of the other algorithms generally
dominate those solutions. Still, additional greedy
performed better than the other approaches for
the flex program. SelectQA is the most effec-
tive approach, finding the highest number of
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Table 3 Mean Pareto size and number of non-dominated solutions obtained on average by the algorithms in ten runs

Program Method Pareto Size Non-Dom Solutions

Mean St. Dev. Mean St. Dev.

flex SelectQA 187.0 - 187.0 -
DIV-GA 140.0 - 140.0 -
Add. Greedy 567.0 - 205.0 -

grep SelectQA 225.5 0.5 207.5 0.52
DIV-GA 70.0 - 70.0 -
Add. Greedy 802.0 - 177.0 -

gzip SelectQA 86.3 0.8 41.3 0.8
DIV-GA 105.0 - 105.0 -
Add. Greedy 199.0 - 71.0 -

sed SelectQA 131.0 - 131.0 -
DIV-GA 99.6 13.4 99.6 13.4
Add. Greedy 356.0 - 85.0 -

Table 4 Statistical comparisons between the algorithms in terms of the number of non-dominated solutions

Program Hypothesis Non-Dom Solutions

p-value Â12

flex SelectQA>DIV-GA <0.01 1.0 (L)
Add. Greedy>SelectQA <0.01 1.0 (L)
Add. Greedy>DIV-GA <0.01 1.0 (L)

grep SelectQA>DIV-GA <0.01 1.0 (L)
SelectQA>Add. Greedy <0.01 1.0 (L)
Add. Greedy>DIV-GA <0.01 1.0 (L)

gzip DIV-GA>SelectQA <0.01 1.0 (L)
DIV-GA>Add. Greedy <0.01 1.0 (L)
Add. Greedy>SelectQA <0.01 1.0 (L)

sed SelectQA>DIV-GA <0.01 1.0 (L)
SelectQA>Add. Greedy <0.01 1.0 (L)
DIV-GA>Add. Greedy <0.01 0.9 (L)

non-dominated solutions among all the compared
algorithms on two out of four programs. Concern-
ing gzip, DIV-GA performs better than SelectQA
and additional greedy. DIV-GA appears to be the
most precise approach because all the solutions it
finds are selected by the reference frontier.

To support the results, Table 4 reports the
results of the Mann-Whitney U test and the
Vargha-Delaney Â12 effect size, obtained com-
paring the number of non-dominated solutions
obtained by the three algorithms in the ten dif-
ferent runs. The test results confirm our previous
observations. SelectQA performs statistically bet-
ter than all the other algorithms in two of four
programs, always with a large magnitude. In the
case of gzip, DIV-GA performs statistically better
than the other algorithms with large magnitude;
the same is true for additional greedy regard-
ing flex. Also, additional greedy performed better
than SelectQA for gzip.

Figure 2 provides, for each program, a graph-
ical comparison between the frontier obtained by
a single execution of the best algorithm for that
program and the corresponding reference Pareto
frontier. The figure is consistent with the results
reported in the previous section. Except for gzip
and flex, SelectQA can always find the largest
number of non-dominated solutions; we can see
its frontier covering the larger part of the refer-
ence frontiers of grep and sed. DIV-GA is very
precise: its solutions are always on the reference
frontier, although generally, they are less than
those obtained by SelectQA.

Takeaway #1. SelectQA is the most
effective approach in the number of non-
dominated solutions, whereas DIV-GA
remains unbeaten in the percentage of non-
dominated solutions found.
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(a) Flex (b) Grep

(c) Gzip (d) Sed

Fig. 2 Additional Greedy performed the best with flex, while SelectQA with grep and sed, and DIV-GA with gzip.

4.2.5 Results RQ2 - Efficiency

Table 5 Average execution times and standard
deviations of the algorithms

Add. Greedy DIV-GA SelectQA

Mean SD Mean SD Mean SD

flex 8s - 3m 39s 14s 2.9s 0.003s
grep 8s - 1m 27s 5s 2.9s 0.003s
gzip < 1s - 19s 2s 2.9s 0.003s
sed 1s - 1m 20s 8s 2.9s 0.003s

Table 5 shows that SelectQA can resolve the
problems constantly. Due to the use of singu-
lar value decomposition [8], DIV-GA is quite
expensive and requires more computational time
(compensated by the quality of its solutions). So,
SelectQA is always more efficient than DIV-GA.

Additional greedy performed better than
SelectQA in two cases: the gzip and sed programs.
In all the other cases, SelectQA performs better
than additional greedy. Please note that the addi-
tional greedy algorithm has a computational time
of O(|T | · max|Ti|), in which |T | is the size of the
starting test suite and max|Ti| represents the car-
dinality of the largest set of test cases able to reach
the maximum coverage. The larger the system, the
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larger max|Ti| will be, with high values leading
to a higher number of iterations for the algorithm
(because the maximum coverage to reach could
be very high), meaning that applying additional
greedy would be impractical for larger systems.

The statistical analysis confirmed the find-
ings reported in Table 5, showing p-values always
smaller than 0.01 with large effect sizes.

Takeaway #2. SelectQA has constant
execution time despite the size of the pro-
gram under test and outperforms DIV-GA
in efficiency. Additional greedy could be
impractical for large systems.

4.3 Comparing SelectQA to
BootQA

4.3.1 Study Context
The context of this work consists of two real-world
datasets, used in the previous work introducing
BootQA [18]:PaintControl from ABB Robotics
Norway [43] and GSDTSR [44] from Google. Both
these datasets have the properties: “execution
time” and “failure rate” (coherently with [18], we
filtered out the test cases of both datasets with
failure rates at zero, i.e., tests that never trig-
gered failures during their history). We adapted
SelectQA by applying the two-objective QUBO
formulation presented in Section 3.1.2, where the
two criteria are execution time and failure rate.

4.3.2 Experiment Configuration
The compared algorithms have been executed
ten independent times to ensure correct empirical
analysis of the results, especially since both tools
rely on quantum algorithms.

Table 6 Best BootQA configuration
for each dataset

Dataset # TCs n m

PaintControl 89 30 6
GSDTSR 287 20 21

BootQA was directly cloned from its public
repository in GitHub[45]. For both PaintControl
and GSDTSR datasets, ten independent execu-
tions were conducted to empirically evaluate the

best configurations of (n, m) parameters. After-
ward, the algorithm was run ten independent
times on the two datasets with the optimal config-
urations. Table 6 reports the best configurations
found for GSDTSR and PaintControl, coherent
with the base configuration [18]. As previously
described, SelectQA has been implemented in
Python, using the dwave and dimod libraries. All
implementations are available as part of our online
appendix [40].

4.3.3 Evaluation Metrics
Effectiveness. Since both SelectQA and BootQA
use a single-objective formulation to obtain a
sub-optimal test suite, we compared the solu-
tions by evaluating the execution times and failure
rates of the test suites obtained by the two
strategies. Coherently with the previous work
on BootQA [18], we statistically analyzed the
results obtained over ten independent executions
by applying the Mann-Whitney U test [41] with a
significance level set at 0.05. The null hypothesis
represents a non-relevant difference between the
two approaches. In contrast, if the null hypoth-
esis is rejected, the magnitude of the difference
is computed using the Vargha-Delaney effect size
(Â12) [42] (we reject the null hypothesis for p-
values < 0.05). The effect size is interpreted
as small in the range (0.34, 0.44] or [0.56, 0.64),
medium in the range (0.29, 0.34] or [0.64, 0.71),
and large in the range [0, 0.29] or [0.71, 1].
Efficiency. To compare the efficiency of BootQA
and SelectQA, we analyzed their total run times.
In particular, the former executes a local decom-
position through bootstrap sampling (in this
work, executed on a MacBook Air featuring an M1
Chip and 16GB of RAM) and directly runs the
Advanced System QPU. The latter only relies on
the hybrid binary quadratic model version2
to handle highly complex optimization prob-
lems. For BootQA, we considered the total
run times to be the sum of the boot-
strap sampling process and Advanced System
QPU execution time. In contrast, for Selec-
tQA, we computed the total run time of
the hybrid binary quadratic model version2.
The empirical reliability of the findings has been
statistically validated by analyzing the distribu-
tion of the total run times, obtained over ten
independent runs by each algorithm, using the
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Mann-Whitney U test. The magnitudes of the
differences between the sequences have been quan-
tified using the Vargha-Delaney effect size (Â12).

4.3.4 Results: RQ1 - Effectiveness

(a) PaintControl

(b) GSDTSR

Fig. 3 Costs and failure rates comparisons

As seen in Figure 3, SelectQA could find
the optimal solution to the problem in each run
and for both datasets. The α parameter, bal-
ancing the weight of failure rate and execution
time, can direct SelectQA to the solution rep-
resenting the optimal trade-off between the two
research objectives. It also allows engineers to
decide whether one objective should be more rel-
evant than another. BootQA could not find a
solution that dominates SelectQA in terms of exe-
cution times and failure rates, while SelectQA
found a solution that dominates those found by
BootQA on 18 runs out of 20. In the remaining
two cases on the GSDTSR dataset, BootQA could
find two test suites with better execution times

than those found by SelectQA but with worse fail-
ure rates; hence, BootQA could never dominate
the solutions found by SelectQA.

Table 7 Statistical Comparisons between the Algorithms

Dataset Hypothesis p-value Â12

PaintControl SelectQA<BootQA costs <0.01 0.0(L)
SelectQA>BootQA f rate <0.01 1.0(L)

GSDTSR SelectQA<BootQA costs 0.02 0.2(L)
SelectQA>BootQA f rate <0.01 1.0(L)

To understand the magnitude of the difference
between the two approaches, we report in Table 7
the results of the Mann-Whitney U test and the
Vargha and Delaney’s Â12 effect size, obtained by
comparing the values of execution times and fail-
ure rates of the test suites obtained by the two
approaches (over all the ten runs). The test results
confirm the previous observations and point out a
large magnitude of the difference between the two
approaches in favor of SelectQA.

Takeaway #3. SelectQA outperforms
BootQA in effectiveness, always finding
the optimal trade-off solution and domi-
nating BootQA solutions in most cases.

4.3.5 Results: RQ2 - Efficiency

Table 8 Average Execution Times of the Compared
Algorithms

SelectQA BootQA

Mean SD Mean SD

PaintControl 2.9s 0.003s 0.029s <0.001s
GSDTSR 2.9s 0.003s 0.030s <0.001s

As expected, Table 8 shows that BootQA is
more efficient than SelectQA regarding the mean
total run time because the problems to solve
in BootQA are way smaller than in SelectQA.
Also, the statistical analysis confirmed the find-
ing, showing all the p-values as smaller than 0.01
with large 0 effect sizes.
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Takeaway #4. BootQA outperforms
SelectQA in total run time, showing the
efficiency of a pure quantum solution.

5 Threats to Validity
This section discusses all aspects that could
threaten the validity of the study conducted about
the comparisons between SelectQA, DIV-GA,
additional greedy, and BootQA.
• Construct Validity. The main threat in this

regard concerns the correctness of the mea-
sures used to select tests: coverage, history of
failures, cost of execution, and failure rate.
We relied on open-source profiling and com-
pilation tools (e.g., GNU gcc and gcov) and
real-world case studies to limit this issue. DIV-
GA has been implemented in MATLAB, while
additional greedy and SelectQA have been
implemented in Python. This difference could
threaten validity due to the different code opti-
mization mechanisms used by the two languages
and the routines applied by the MATLAB envi-
ronment to solve mathematical optimization
problems. However, we performed this choice
to replicate the DIV-GA base conditions and
environment as presented in [8]. The choice of
efficiency metric constitutes another threat to
construct validity. We have chosen the total run
time to compare SelectQA with the traditional
and quantum algorithms. Such a metric pro-
vides a straightforward measure of how long the
examined strategies take to solve the requested
problem; however, this choice poses some signif-
icant challenges. The SelectQA total run time
not only considers the time used by CPUs,
like for its classic counterparts, but also the
execution time of the Advantage QPU; hence,
the total run time reported by SelectQA could
be subject to considerable variability depend-
ing on QPU availability, resource queues, and
classical-quantum communication overhead. In
other words, the total run time of SelectQA
could be subject to different bottlenecks due to
various causes.

• Internal Validity. One of these threats is
undoubtedly the random nature of quantum
annealing algorithms. For this reason, the
experiments were repeated ten times for each

program under examination and then consid-
ering the means of the obtained results. The
tuning of the P penalty parameter is also a
factor that could undermine the internal valid-
ity of this job. Therefore, we applied a method
well-known in literature [38] when choosing
this value. The α parameter has been vali-
dated following repeated trials. We used the
D-Wave default settings for other QA hyper-
parameters configurations coherently with the
original BootQA paper [18] and also asked
the researchers themselves who worked on it
about the parameters’ tuning. Another threat
to internal validity concerns the implementa-
tion of DIV-GA. The original version used the
MATLAB Global Optimization Toolbox release
R2011b, while the version used for this work
is the MATLAB Global Optimization Toolbox
release R2024a. So, the new version of DIV-GA
could be subject to differences compared to its
older version due to updated routines and dif-
ferent code optimization mechanisms. Also, the
difference between the languages used to imple-
ment DIV-GA, additional greedy, and SelectQA
could be seen as a threat to the internal valid-
ity due to the aforementioned fluctuations. This
threat has been mitigated by executing differ-
ent runs for each algorithm using the same
datasets. Finally, another threat to internal
validity is that using other sampling strategies
for the (m, n) parameters of BootQA might
result in better solutions. Our choice was to
replicate the experiment conditions of the origi-
nal BootQA work [18], so we did not experiment
with different sampling strategies.

• External Validity. A dangerous threat to exter-
nal validity corresponds to the impossibility of
generalizing the obtained results, which is par-
ticularly true if the datasets are too small or
distant from real-world scenarios. To mitigate
this issue, the datasets chosen for the compar-
isons, extracted from reliable sources such as
SIR, Google, and ABB Robotics Norway, have
already been used for evaluating the approaches
used as baselines in our study [4] [5] [6] [18] [8].
The chosen SIR programs represent real-world
medium-scale and small-scale scenarios. On the
other hand, the datasets used to compare Selec-
tQA and BootQA represent real-world indus-
trial medium-scale and small-scale datasets.
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• Conclusion Validity. We interpreted the find-
ings using appropriate statistical tests. To test
the significance of the differences, we applied
the (i) Mann-Whitney U test [41], while to
estimate the magnitude and the effect size of
the observed differences, we used the Vargha-
Delaney [41] (Â12) effect size. Conclusions are
based only on statistically significant results.

6 Conclusions
This paper proposes SelectQA, a method for test
case selection leveraging quantum annealing, and
compares it to classical and quantum approaches.
Regarding the classical approaches [4, 8], we
found that it is the most effective approach in
the number of non-dominated solutions, whereas
DIV-GA [8], able to beat SelectQA in just one
case, remains unbeaten in the percentage of
non-dominated solutions found. Looking at the
efficiency of the algorithms, SelectQA performs
in constant time, demonstrating the superiority
of quantum algorithms over classical ones due
to the program size-independent execution time.
Regarding BootQA [18], i.e., another method
based on quantum computing, we found that the
solutions provided by SelectQA dominate those
offered by the other in most cases, whereas the
opposite never happens. Nevertheless, BootQA is
the most efficient algorithm due to the smaller
size of problems deployed directly to the quantum
annealer.

In future work, we plan to implement addi-
tional problem decomposition strategies with
quantum algorithms to obtain more precise, sta-
ble, and efficient solutions. We also aim to con-
sider other quantum algorithms in the experi-
ments; in particular, we will implement a novel
QAOA strategy to further compare classical,
annealing, and QAOA strategies.
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