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making it impractical to re-execute the entire suite of tests in each testing cycle.
Consequently, there arises a need for effective strategies to select and prioritize test
cases in a way that ensures the most valuable and error-prone parts of the software
are tested early. Prioritizing test cases not only accelerates the detection of defects
but also enhances the efficiency of the testing process by focusing efforts on areas
with higher potential for failure. In this study, two powerful nature-inspired
metaheuristic algorithms Cuckoo Search Optimization Algorithm and
Gravitational Search Algorithm are employed to address the problem of test case
prioritization. These algorithms are used to prioritize test cases based on coverage
criteria, particularly aiming for maximum fault detection coverage. By optimizing

Items the sequence of test execution, the proposed method improves both the fault
detection rate and the overall effectiveness of the testing process. This approach
contributes to the timely identification of critical defects and supports faster and
more reliable software releases.

1. INTRODUCTION

Software testing constitutes a significant portion of the overall cost in software development. Each minor
modification in the codebase typically results in a new version of the software, necessitating a comprehensive
validation process. This involves both designing new test cases and re-executing previously conducted tests—a
process known as regression testing. However, due to limitations in time and computational resources, executing the
full suite of test cases in every iteration becomes impractical. To address this challenge, it is essential to implement
test case selection and prioritization strategies that ensure the most critical test cases are executed early in the testing
cycle, aligning with the primary objectives of the test process [1].
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The complexity of regression testing arises not only from the volume of test cases but also from the time-
consuming nature and constrained budget typically allocated to it. In this study, a hybrid approach combining the
Cuckoo Search Optimization Algorithm and the Gravitational Search Algorithm is proposed for prioritizing test
cases within a regression test suite. Test case prioritization is performed based on code coverage criteria—test cases
that cover a larger portion of the code are scheduled for earlier execution. This approach enhances both the
effectiveness and efficiency of fault detection, significantly reducing the time required to uncover critical software
defects. Given the vast search space associated with optimizing regression test suites, evolutionary algorithms offer
a promising solution due to their heuristic search capabilities. The proposed method was implemented and evaluated
across various performance metrics. Comparative analysis demonstrates its superiority over baseline approaches and
conventional prioritization techniques [2].

Software testing, broadly defined, is the process by which the quality and reliability of a software system are
assessed. While testing typically involves executing a program to identify errors, its scope extends to ensuring that
the software meets specified requirements and operates reliably within the intended hardware and environmental
conditions. Considering the high financial investment in software products, software failures can result in substantial
sometimes irreversible economic losses for both developers and users. Studies have shown that more than one-third
of these losses could be mitigated through more effective testing processes [3].

When modifications are made to a software system, they may introduce new errors or inadvertently affect other
components. Therefore, previously tested parts must be revalidated to ensure no new faults have been introduced
this is the essence of regression testing. Since this process is repeated frequently during development, it tends to
significantly increase testing time. Prioritizing test cases in regression testing is thus a critical strategy to enhance
fault detection efficiency and reduce overall testing duration. The goal is to confirm that prior bugs have been
resolved and that new changes have not negatively impacted existing functionalities [4].

2. THE IMPORTANCE AND NECESSITY OF CONDUCTING RESEARCH

The increasing size of regression test suites and the complexity of their selection processes present significant
challenges, particularly due to time constraints and limited testing budgets. As the demand for high-quality software
products continues to rise, comprehensive testing has become a crucial phase in the software development lifecycle.
Regression testing is performed following code modifications to ensure that recent changes do not adversely affect
existing functionality. However, the testing process is often hindered by constraints such as limited resources, tight
development schedules, ambiguous or evolving requirements all of which negatively impact the effectiveness of
regression testing [5].

In this context, leveraging code coverage information for the selection and prioritization of test cases can
substantially accelerate fault detection. Establishing a systematic prioritization based on defined criteria enables
testing teams to achieve their quality objectives while reducing the overall testing cycle duration [6]. Since software
testing is both resource-intensive and critical to the software lifecycle, regression testing serves as a key activity to
mitigate the risk of software degradation during maintenance. Although many organizations rely on executing the
complete system test suite to validate changes, this approach is costly and inefficient. To optimize testing efforts, it
is widely recommended to use a reduced yet effective regression test set that can still provide assurance of software
integrity [7].

Given these considerations, this research aims to develop an automated method for prioritizing regression test
suites. The goal is to generate an optimal subset of tests using an efficient algorithm that maximizes fault detection
within minimal execution time. In recent years, test process automation has gained significant momentum, and
numerous commercial tools and academic studies have emerged in this area.

The prioritization problem has been extensively studied, and various methodologies have been proposed. One
common approach is the general defect detection method [8], which seeks to uncover all existing faults in the
modified codebase. Several algorithmic strategies have been employed to enhance the prioritization process. Greedy
algorithms [9] prioritize test cases by iteratively selecting the most beneficial cases first. Evolutionary algorithms
aim to evolve a high-performing test suite over iterations, while non-evolutionary algorithms [10] focus on goal-
driven prioritization strategies. Ant colony optimization algorithms [11] mimic the foraging behavior of ants to
identify optimal test execution orders.
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For companies seeking cost-effective solutions, version-specific algorithms [12] are particularly suitable, as they
focus on prioritizing only the modified portions of the software. Additionally, variable analysis algorithms [13] have
been proposed to assess the interdependencies between altered variables and their influence on the system, offering
another dimension to the prioritization task.

One emerging and promising optimization approach is Bee Colony Optimization (BCO). BCO has been
successfully applied in various domains, including general optimization problems [14], the NP-hard Traveling
Salesman Problem (TSP) [15], and several scheduling challenges such as job-shop scheduling, resource allocation,
and project planning [16]. Furthermore, BCO has also found applications in improving search engine performance
through more effective web search optimization techniques [17].

3. SOFTWARE TESTING

effective test data methods, the software engineer must understand the basic principles that guide software testing.
In this regard, a set of principles have been proposed, which we will use in the following:

e All tests must be traceable to the customer's requirements. As we have seen, the purpose of software
testing is to detect errors. That is, most of the severe defects (from the customer's point of view) are
those that make the program unable to meet his needs. The test should be planned long before the start
of the test.

e Test planning can begin as soon as the requirements model is completed. Detailed definition of test data
can begin as soon as the design model is consolidated. Therefore, all tests can be planned and designed
before producing any code.

e [The "Pareto" principle applies to software testing. In simple terms, the "Pareto" principle states that
80% of all errors discovered during testing are probably detectable in 20% of all program components.
The problem is to isolate the suspect components and test them completely.

e  The test should start in small dimensions and expand to larger dimensions. The first tests are performed
on each of the components. With the progress of the test, errors are found in a set of complex components
andthen in the whole system.

e Full testing is not possible. The number of possible routes for the average program is also large.
Therefore, it is not possible to implement any combination of routes, but it is possible to cover the
program sufficiently [3].

In order for the test to be most efficient, it should be performed by an impartial third party. The most efficient
means that it will find the errors with the highest probability. For the reasons mentioned earlier in this chapter, the
software engineer who created the system has done, he is not the best person who should do all the tests [3].

4. THEORY AND BACKGROUND

The size and selection process of regression test suites introduce considerable complexity, primarily due to their
time-consuming execution and the budget constraints typically faced by testing teams. As the demand for high-
quality software continues to grow, rigorous testing has become an indispensable component of the software
development lifecycle. Regression testing is particularly vital following software modifications, ensuring that
changes do not introduce new faults or compromise existing functionality. However, test teams often operate under
constraints such as limited resources, compressed testing schedules, and evolving or ambiguous requirements, all of
which can hinder the effectiveness of regression testing.

To address these challenges, the selection and prioritization of test cases using code coverage metrics can
significantly enhance the efficiency and speed of fault detection during the testing process [4]. Establishing a clear
execution order and assigning priorities to test cases based on predefined criteria enables teams to meet testing
objectives more effectively while concurrently minimizing the duration of the test cycle [4].
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Software testing represents one of the most critical and costly phases in the software lifecycle. Regression testing
plays a crucial role in mitigating the adverse effects of software changes during maintenance. Many organizations
continue to rely on full re-execution of their system-level test suites to validate changes. However, this approach is
both expensive and time-intensive. To optimize resource usage and reduce testing overhead, a smaller yet targeted
regression test suite is recommended for validating the modified sections of the software [5].

Several approaches have been proposed for test case prioritization, one of which involves utilizing the historical
execution data of test cases. For instance, a method that considers both the fault detection history and the age of test
cases has shown promising results. Experimental evaluations indicate that this approach improves fault detection
efficiency and provides more stable outcomes compared to random prioritization techniques. Another history-aware
strategy involves collecting regression test histories and employing a genetic algorithm to identify and prioritize the
most impactful test cases [5].

5. REGRESSION TEST

After implementing software changes designed to enhance performance or fix errors, new issues may arise.
Regression testing involves re-executing a subset of previously successful tests to verify that the software has not
unintentionally introduced errors into previously functioning areas. The primary objective of regression testing is to
detect new bugs or regressions, whether in previously functioning parts or in areas that were not previously active,
following changes such as optimizations, patches, or configuration updates. Its goal is to ensure that these
modifications do not inadvertently introduce defects or disrupt the software’s established functionality [5].

A key motivation for regression testing is to determine whether a change in one area of the system affects other
parts of the software. Traditional regression testing involves rerunning tests that were previously successful before
the changes, allowing for an assessment of whether the software’s behavior has changed post-modification.
Additionally, regression testing helps identify whether defects that were previously fixed have re-emerged [5].

Regression testing can be applied at any level of the software, from unit tests to system tests, and can be automated
for greater efficiency. Specific types of regression tests, such as health tests and smoke tests, are employed for
particular purposes. The primary focus of regression testing is on retesting after changes, with traditional regression
tests repeating previously designed tests. However, in risk-oriented regression testing, new tests are employed for
previously tested areas, with increasing complexity over time. The purpose of regression testing is to mitigate two
key risks: [6]

e  The risk that changes introduce unintended side effects.

e The risk that a change intended to resolve one issue inadvertently creates a new problem, either by failing
to resolve the original issue or by introducing new defects [6].

6. GRAVITY SEARCH ALGORITHM

The Gravitational Search Algorithm (GSA) is an innovative metaheuristic optimization technique inspired by
Newton’s law of universal gravitation. According to this principle, every object in the universe exerts an attractive
force on all other objects, with the intensity of this force directly proportional to their masses and inversely
proportional to the square of the distance between them. Importantly, no object is exempt from the influence of this
universal force [18]. The gravitational force F12 represents the pull exerted by mass m2m_2m2 on mass m1, where
heavier and closer objects exert stronger attractions. Furthermore, Newton’s second law of motion states that an
object will accelerate in the direction of the applied force, with the acceleration proportional to the magnitude of that
force.

GSA adopts this concept to simulate a system in which all agents (particles) attract each other based on their
fitness-derived masses. Heavier particles, which represent better solutions due to their higher fitness values, exhibit
slower movement, while lighter particles move more quickly. This mechanism enables a dynamic and collective
search strategy, where particles are progressively drawn toward heavier (i.e., fitter) solutions. Over time, this
interaction guides the population of solutions toward the global optimum in the search space [18], [19].
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Each agent in the system is modeled as a particle with a mass that is directly associated with its fitness. The mass
of a particle iii at time ttt is calculated using the following equation:

__ Fitness, (t) — Worst(?)
~ Best(r)— Worst(?) (1)

P(1)

where Fitnessi(t) denotes the fitness value of particle i at time ¢. For minimization problems, the smallest fitness
value is selected as the best, and the largest as the worst. In maximization problems, this selection is reversed.

Another important element of GSA is the gravitational constant G(#), which governs the strength of attraction and
decays over time to fine-tune the balance between exploration and exploitation. It is defined as:

G(6)=G(t,) % ([7“) @

where G(ty) is the initial gravitational constant at the beginning of the search (i.e., time #y), and G(?) represents its
value at a later time t. This time-dependent decay reflects a diminishing influence of gravitational attraction as the
search progresses, which helps prevent premature convergence.

The pseudocode of the GSA is illustrated in Figure 1, and its operational flow is depicted in Figure 2 [18].

1- Determining the system environment and initial setting.

2- Initial location of objects.

3- Evaluation of objects.

4- Update the values, G, best, worst

5- Calculate the mass of each agent (M).

6- Calculate the force on each object.

7- Calculate the acceleration and speed of each object.

8- Updating the position of objects.

9- If the stopping condition is not met, we return to step 3. Otherwise, the best answer seen so far is given to the
output and the algorithm stops.

Fig. 1. The pseudocode for the gravity search algorithm
7. CUCKOO SEARCH ALGORITHM

The Cuckoo Search (CS) algorithm is a meta-heuristic optimization method that adopts an evolutionary approach
to finding optimal solutions. Proposed in 2009, this method is inspired by the unique behavior of cuckoo bird species,
particularly their egg-laying strategy. Cuckoos are known for laying their eggs in the nests of other bird species,
tricking the host birds into caring for their offspring. Some cuckoo species mimic the appearance of the host bird's
eggs and chicks, increasing the likelihood that the host will unknowingly raise the cuckoo egg. In the event that the
host bird detects the intruding egg, it may destroy it or eject it from the nest. This intriguing behavior has been
leveraged to develop the Cuckoo Search algorithm, which mimics this reproductive strategy to find solutions to
optimization problems.

The algorithm operates by maintaining a set of "host nests," each containing one solution (analogous to an egg).
The best solution seeks to generate a new solution by exploring the existing ones and making changes to certain
features [20]. The cuckoo bird's strategy, which optimizes survival with minimal effort, provides a robust framework
for an optimization method that can effectively "outsmart" other solutions in the competitive landscape.

Much like other evolutionary algorithms, the Cuckoo Search method begins with an initial population (a set of
cuckoos). Each cuckoo lays its eggs in the nests of host birds, with the eggs resembling the host bird's own eggs to
improve the chances of survival. Eggs that are detected by the host are discarded, while those that successfully blend
in are allowed to develop. The more eggs that survive and are cared for, the higher the fitness value of that region.
The ultimate goal of the Cuckoo Search algorithm is to optimize the area where the largest number of eggs are
preserved [21].
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The steps of the Cuckoo Search algorithm are outlined in Table 1.

| Construction of the initial |

Ll
i 4

| Calculate the merit of each factor |

v

Update G and the best and worst of the

IR DL

v

| Calculate M and a for each factor |

v

| Speed and position updates |

No

Yes

Best crowd member decal

Fig. 2. Flowchart of gravity search algorithm
Table 1. Steps of the cuckoo search algorithm

Step 1 Creating an initial population of cuckoos.
Step 2 Each cuckoo creates one egg at a time and chooses a nest randomly and lays its egg in it.

Step 3 The number of available hosts or nests is fixed and the egg laid by the cuckoo will be
discovered by the host bird with probability p.

Step 4 The best nest based on the high quality of the egg inside it is transferred to the next
generation and the worst nests are removed.

Step 5 Steps Y to ¢ are repeated until the desired quality is reached or a certain number of steps
are completed.

Step 6 Return existing nests as result.

Cuckoos instinctively seek out the most favorable regions that maximize the survival rate of their offspring. Once
hatched and matured, these young cuckoos form flocks, each occupying a distinct territory. Periodically, all flocks
migrate toward the territory that currently offers the greatest reproductive advantage that is, the region where the
most eggs have successfully incubated. Upon arrival, each flock establishes its nests in proximity to this optimal
site. Based on both the number of eggs laid by each cuckoo and their distance from the optimal region, a “nesting
radius” is computed for each bird. Within this radius, cuckoos randomly deposit their eggs into host nests. Over
successive iterations, the collective movements and randomized egg-laying converge on the habitat that yields the
highest egg survival rate, effectively identifying the globally optimal solution [20].

Empirical studies have demonstrated that the standard Cuckoo Search (CS) algorithm often outperforms classical
evolutionary approaches such as Differential Evolution—and swarming algorithms like Particle Swarm
Optimization (PSO), particularly in high-dimensional search spaces. Enhancements to CS include the Modified
Cuckoo Search, which incorporates inter-egg interactions to further refine the search process and achieve
performance on par with, or exceeding, PSO in complex function optimization. For multi-objective problems, the
Multi-Objective Cuckoo Search extends the original algorithm by permitting multiple eggs per nest, thereby
generating a uniformly distributed Pareto front of solutions. This extension has been shown to rival or surpass other
multi-objective techniques in real-world scenarios with diverse constraints [24].
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Beyond theoretical benchmarks, CS has been successfully applied to a variety of domains, including training
feedforward and spiking neural networks, embedded system design optimization, game-playing agent development,
and combinatorial programming tasks. Its strengths derive from the efficient implementation of Lévy-flight—inspired
random walks, a minimal set of control parameters, and the algorithm’s inherent simplicity—attributes that
collectively contribute to its robust performance across different problem classes [21]. The overall workflow of the
Cuckoo Search algorithm is depicted in the block diagram in Figure 3.

8. OBJECTIVE FUNCTION OF EVOLUTIONARY ALGORITHMS

In this article, two standard evaluation criteria are used as objective function and competence in the evolution
process of gravity search algorithm and cuckoo search optimization, and these two criteria are used as follows:
8.1. Average percentage of fault detection (APFD)

Coverage-based prioritization techniques rely on test case coverage data over the program code, typically
represented in binary form. Incorporating detailed coverage information can be highly effective for achieving more

efficient prioritization of test cases. In this study, the Average Percentage of Fault Detection (APFD) is employed
as the primary evaluation metric [3], [4].

The APFD metric is widely used to assess the performance of a test suite T in detecting faults in a program P. It
measures how quickly faults are detected when test cases are executed in a specific order.

The APFD is defined as follows:

i T+ 1+ -+ 1f, 1
APFD(T,P)=1 ( — j+2n (3)

Where:

e m: the total number of faults in the program,
e pn: the number of test cases in the test set 7,
o Tf1,Tf>,..., Tfw: the positions of the first test cases in 7 that detect faults 1 through m.

This metric evaluates how early faults are detected across the sequence of test cases. A higher APFD value
indicates that more faults are found earlier in the execution sequence, which generally reflects better prioritization
effectiveness.

8.2. Average Percentage Condition Coverage (APCC)

An important metric for evaluating test case selection and prioritization methods is the Average Percentage
Condition Coverage (APCC). This metric assesses the extent to which the prioritized execution order of test cases
successfully exercises the conditional branches within a program. The significance of APCC arises from the fact that
certain commands reside within conditional statements and are only executed under specific circumstances. If such
commands contain faults, these may only manifest during rare or exceptional execution paths, making them difficult
to detect without proper test coverage.

To effectively uncover such faults prior to deployment, it is essential that test cases be designed and ordered in a
way that maximally triggers these conditions and simulates the corresponding execution paths. This ensures
thorough testing of the conditional logic and facilitates early error detection.

Formally, given a set of test requirements TR and a coverage criterion C, a test set is said to satisfy C if every
requirement in TR is addressed by at least one test case within the set. The APCC metric quantitatively expresses
this coverage, providing a standardized means to compare the effectiveness of different prioritization strategies [5].

APCC(T’P){I_(TCI+Tc2+...+Tcmj 1} W
2n

m-n
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that here,

T: The set of examined test cases

m: the number of conditions in the program under test P

n: the total number of test items in the test set

TCi: The location of the first test item in T that checks the i-th condition.

9. GRAVITY SEARCH ALGORITHM USED

Software testing plays a vital role in ensuring software quality. A software system can only be considered reliable
if its functionalities are thoroughly tested and verified. When modifications are introduced to a system, it becomes
essential to validate that these changes have not inadvertently impacted other parts of the codebase. Regression
testing addresses this concern by re-evaluating the software to confirm that existing functionalities remain intact.
Typically, regression testing is conducted iteratively throughout the software development life cycle.

Despite its importance, regression testing is often resource-intensive and time-consuming. Consequently, a
considerable body of research has focused on optimizing this process particularly through test case prioritization
techniques, which aim to improve the efficiency of fault detection by strategically ordering test execution.

Among the many strategies proposed, the Gravitational Search Algorithm (GSA) stands out as a novel and
effective metaheuristic approach. GSA has been widely applied to diverse optimization problems, including test case
prioritization, due to its adaptability and ease of customization. One of its key advantages is the flexibility to tailor
its operators to specific problem domains, making it especially suitable for test suite optimization.

This study introduces a test case prioritization approach based on the Gravitational Search Algorithm, with the
goal of achieving 100% code coverage. To demonstrate the methodology, the well-known triangle classification
problem is utilized, as it is frequently cited in software testing literature. The decision graph associated with this
problem, illustrated in Figure 4, is adapted from standard software testing practices. This graph visualizes the
conditions covered by each path, serving as a reference for evaluating the effectiveness of the proposed method [18].

Initialize host nests

l

Generate new solution
by Levy flight

Evaluate
new solution

Keep current
best

Rank s new solution
solutions and better than a ranl-
fingl iiivent Bast dQmly chosen one?

Stopping criterion |
met?

!

Fig. 3. Flowchart of the cuckoo search algorithm
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[1,00r1},(2,2], (1,3 0or4], or [0,5]

Fig. 4. Decision graph for triangle detection problem

This graph is made based on the commands in the program. Each node represents a line of the program and the
edges represent the sequence of program execution. Nodes that have two output edges represent conditional
commands (If) where the execution path from the first edge represents the execution node if the condition is true
and the execution path from the other edge represents the execution node if the condition is false. According to the
execution conditions, each of the test cases goes through one of the existing paths from the start node to the end, and
the quality of each entry is determined based on the quality of the related path in terms of covering nodes and also
covering conditions. The test set is randomly generated based on different criteria, each of which satisfies a part of
the total coverage. A fitting function is determined for each path. In this article, the effectiveness of the gravity
search algorithm approach and five other approaches are analyzed using the average percentage of code coverage
(APCOQ)[6].

10. MAPPING THE GRAVITY SEARCH ALGORITHM TO THE PROBLEM OF PRIORITIZING TEST
CASES

This study introduces a binary version of the Gravitational Search Algorithm (GSA) for addressing the discrete
nature of the test case prioritization problem, which differs fundamentally from the original GSA designed for
continuous optimization. While the traditional GSA operates within a continuous search space, many real-world
optimization problems such as test case prioritization in software testing require exploration within a discrete binary
space.

In the binary variant, agents navigate a search space composed solely of binary values (0 and 1). Conceptually,
this space can be visualized as a hypercube, where each vertex represents a candidate solution defined by a unique
combination of binary values. Movement within this space involves transitioning between the corners (i.e., flipping
binary values), and each dimension of a particle's position is expressed as either a 0 or a 1. A particle "moves" in a
given dimension by flipping its binary state, and this movement is guided by a probabilistic function derived from
its velocity. Specifically, the particle changes its state in a given dimension with a probability determined by this
function.

In the binary GSA, the computation of gravitational force, velocity, and particle position updates largely mirrors
those in the continuous version of the algorithm. However, a key distinction lies in the use of Hamming distance—
rather than Euclidean distance to measure inter-particle proximity in the binary space. Additionally, the gravitational
constant which governs the strength of attraction between particles evolves over time, decreasing linearly rather than
exponentially as in the original continuous GSA. This adjustment ensures smoother changes in bit values, which is
essential since the gravitational influence in binary space affects individual bits rather than continuous dimensions.
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Consequently, a more gradual decay in the gravitational constant is more appropriate for maintaining convergence
stability in discrete binary environments [19].

G(t) = Go(1—7) (5)

In the binary algorithm vid , it is converted into a probability function and is limited to the interval [0-1]. This
function should be defined in such a way that as the particle velocity increases, the probability of changing the
position of the object increases. At speeds close to zero, the probability of changing the situation is close to zero[18].

S (vﬁ1 (t)) = |tanh(vd;(t))] (6)

It should be noted that for the proper convergence of the algorithm, it should be limited to a suitable interval. In
other words. The value equal to 6 is considered.

After calculating the above probability function, the object moves in each dimension according to the equation
below. According to this relationship, the object changes its position with a probability in one dimension. The higher
the speed of the object in one dimension, the greater the probability of the object moving in that dimension. Changing
the position of an object in one dimension of binary space means changing its value from zero to one or vice versa.
It is a random number with a uniform distribution in the interval[19].

In this section, how to use the discrete gravity search algorithm for the problem of prioritizing test items and how
to map each operator to the upcoming problem is explained. The crime structure in the proposed method is in the
form of permutations of test items to show the order of their implementation. The absorption operation is shown in
Figure 5 The bit string is swapped after this point. Also, this figure shows the mass obtained from the absorption
operation, which received half of the values from the first mass and the other half from the second mass in a combined
form. As a result, the first child becomes a new set because it covers all independent paths[19].

[T4 |16 |T19|Ti6 ] Ti0o [ T4 | 19|12

Fig. 5: Mass structure in the proposed method
11. CUCKOO ALGORITHM MAPPING IN PRIORITIZING TEST ITEMS

In this study, the proposed algorithm aims to minimize the overall cost of regression testing by reducing the
number of executed test cases without compromising fault detection effectiveness. The algorithm is a hybrid
approach, integrating the Cuckoo Search (CS) algorithm with the Gravitational Search Algorithm (GSA). This
section elaborates on the Cuckoo Search component of the optimization process. The algorithm identifies an optimal
subset of test cases that can detect all potential faults while minimizing execution time.

In the context of the Cuckoo Search algorithm, the test case prioritization problem is mapped such that each
cuckoo's nest represents a candidate solution, and the eggs within a nest symbolize the sequence of prioritized test
cases for that solution.

To reduce the number of test cases, the proposed method incorporates regression test selection alongside
prioritization strategies. The Cuckoo Search is executed using a randomized exploration strategy, designed to
identify the smallest subset of test cases capable of detecting all known faults with minimal runtime. This process is
guided by the Average Percentage of Fault Detection (APFD) metric, which serves as the primary evaluation
criterion. Hence, the CS algorithm is applied to efficiently identify the minimum set of high-priority test cases that
maximizes fault detection effectiveness, as reflected by a high APFD value [20].

The following assumptions are considered for the proposed algorithm:

e The initial population of test cases is randomly generated. The population is represented as TS = {tcl,
tc2, ..., tct}.

e  The fitting function is based on the APFD criterion.

e In the presented problem, the fitting function is APFD and APCC criteria. The stopping criterion is all
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possible errors covered in the minimum time or the algorithm processed for the maximum number of

given iterations.

In the main test suite, each test case (tcl, tc2, ..., tcn) covers some errors.

The set of errors is shown as F = {f1, f2, ..., fm}.

Test cases are represented in binary with m bits (m is the total number of errors).

Each bit of the test item depends on the error detection capability. Bit 1 indicates error detected and bit 0

indicates no error.

e The input is the number n of the sequence of host nodes, n is the number of test cases and m is the
number of possible detected errors.

e  Here the sequence number of host nodes is equal to the number of test cases.

e The output is the sequence of traversing the test cases and meeting the stopping criteria. Here, the stop
criterion is to reach the predetermined number of generations and iterations.

12. PRIORITIZATION OF TEST ITEMS BASED ON THE OPTIMIZATION ALGORITHM OF
GRAVITY SEARCH AND CUCKOO SEARCH

The Gravitational Search Algorithm (GSA) operates through multiple stages of exploration. However, one of its
notable limitations is its inadequacy in local search, particularly during the final iterations of the optimization
process. In these stages, the algorithm may converge prematurely and become trapped in local optima. While GSA
is effective in global exploration continually seeking solutions with better fitness values across the search space it
lacks the mechanisms necessary to escape local minima. Consequently, the algorithm may experience a decline in
convergence speed as optimization progresses.

To address this issue, the Cuckoo Search (CS) algorithm is incorporated as a complementary strategy to improve
local search capability. In the proposed hybrid model for prioritizing software regression test cases, GSA serves as
the primary global search algorithm, while CS functions as a population refinement tool. There are two main
motivations for integrating these algorithms: (1) the need for a population-based method that can thoroughly explore
the solution space associated with test case prioritization, and (2) the requirement for a rapid convergence mechanism
that can efficiently adapt to changes and provide optimal combinations of test cases.

Despite its limitations in local search, GSA is computationally efficient for global exploration. When enhanced
with CS, the hybrid method becomes robust in both global and local search phases. Due to the high computational
cost of CS operations when applied to each GSA particle, the CS algorithm is only activated on the final population
obtained from the last iteration of the GSA. This final GSA output acts as the initial solution for the CS, thereby
optimizing the local search without excessive overhead during the iterative process [21].

One of the primary challenges in this hybrid optimization lies in how solutions are represented and transferred
between the two algorithms. Specifically, the integration mechanism must determine how potential solutions are
encoded, how optimal solutions are selected, and how CS nests (representing candidate solutions) interact with GSA
objects during the optimization process. In the proposed method, each cuckoo nest corresponds to a possible solution
and is represented by an array of n elements. Each element in the array is randomly initialized as an integer between
1 and m, representing possible test case configurations.

The flowchart of the proposed hybrid algorithm which combines GSA and CS for optimal test case prioritization
in software regression testing is depicted in Figure 6 [18, 21].
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Fig. 6. Combined flowchart of gravity search algorithm and cuckoo optimization

In this study, the Gravitational Search Algorithm (GSA) is employed as the initial phase of the prioritization
process within a regression test suite, aiming to achieve complete fault coverage. The prioritization leverages the
Average Percentage of Condition Coverage (APCC) as a guiding metric. To overcome the GSA’s inherent weakness
in local search and to prevent entrapment in local optima, the Cuckoo Search (CS) optimization algorithm is
integrated into each GSA iteration. This hybrid approach utilizes GSA-generated solutions as the foundational
structure for nests and eggs within the CS algorithm. The Average Percentage of Fault Detection (APFD) metric is
employed to evaluate and guide the optimization process of the CS algorithm, thereby integrating both APCC and
APFD as dual evaluation criteria in the proposed framework.

As illustrated in Figure 6, after each iteration of GSA, the solutions it produces are transformed into corresponding
representations within the CS framework, where objects become nests and their components are modeled as eggs.
The CS algorithm then conducts a global exploration to enhance these candidate solutions. The two algorithms
operate in an alternating manner—GSA initiating the search, followed by CS refining the solutions repeating this
sequence to progressively converge on an optimal prioritization of test cases.

Following the initial GSA execution, control transitions to the CS algorithm. Here, randomized nest updates
generate new candidate solutions, which are assessed using the stated performance criteria. The best solution from
each CS iteration is compared against the best solution from all previous iterations, and if superior, it replaces the
former as the current global optimum. The CS process iterates for a pre-defined number of cycles, refining the
solution set. Subsequently, control returns to the GSA, where standard gravitational operations—such as object
attraction and positional updates resume.

This iterative integration of GSA and CS continues until the predefined number of GSA iterations is reached.
Upon completion, the most effective solution obtained across all iterations of both algorithms is returned as the final
output. The effectiveness of the proposed hybrid method will be evaluated in the next chapter through two key
metrics: APFD, for fault detection efficiency, and APCC, for condition coverage performance [6].
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13. CONCLUSION

Software testing represents one of the most critical and cost-intensive phases in the software development life
cycle. Within this domain, regression testing plays a key role in mitigating the adverse effects of changes introduced
during software maintenance. To ensure software reliability, organizations often re-execute the entire system test
suite after modifications. However, this comprehensive re-testing is both resource-intensive and time-consuming.
To address these challenges, researchers have proposed executing a smaller, more focused regression test suite that
still ensures sufficient validation of the modified software.

Given these considerations, there is a clear need for automated test case prioritization techniques that can generate
an efficient subset of tests capable of detecting the maximum number of faults in minimal time. The growing interest
in automated testing has led to the emergence of numerous commercial tools and a wealth of academic literature in
this area.

Several approaches have been explored for test case prioritization using heuristic algorithms, such as ant colony
optimization, genetic algorithms, and fuzzy logic. In this article, for the first time, a hybrid approach combining the
Gravitational Search Algorithm (GSA) and the Cuckoo Search (CS) algorithm is introduced. This novel combination
is specifically designed to prioritize test cases in regression testing scenarios.

The proposed method targets modified code segments and aims to maximize test efficiency through this dual-
algorithmic strategy. Implementation results are thoroughly analyzed and compared against various existing
prioritization techniques, revealing the effectiveness and superiority of the proposed method across several
performance metrics.

This hybrid model draws inspiration from the natural foraging behavior of cuckoos and the gravitational attraction
mechanism in physics, using them to navigate the solution space effectively. Due to the inherent complexity and
time-intensive nature of selecting and executing regression tests within a constrained budget, this hybrid approach
aims to prioritize test cases for full fault coverage with minimal execution cost.

The algorithm's effectiveness is evaluated using two widely accepted metrics: the Average Percentage of Fault
Detection (APFD) and the Average Percentage of Condition Coverage (APCC). Results demonstrate a significant
improvement over traditional techniques, indicating the method’s suitability for real-world testing scenarios.

The performance of the proposed algorithm was further validated using a standard case study: the triangle
classification problem, which is commonly used in software testing literature to evaluate prioritization methods. The
experimental findings confirmed that the prioritization generated by this method closely approximates the optimal
prioritization and outperforms several existing approaches.

Given the manual implementation limitations, the current evaluation was restricted to test suites with a small
number of test cases. Therefore, to enable scalability and practical deployment in larger software systems,
automating the extraction of test cases from source code and integrating this with the proposed prioritization
algorithm is recommended for future work. The development of a comprehensive automation tool could facilitate
broader adoption and fully realize the potential of this algorithm in industrial environments.
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