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ABSTRACT

Test Suite Reduction (TSR) is a critical optimization challenge in software testing that aims to reduce the
number of test cases while maintaining maximum requirement coverage. Traditional algorithms, such as
the Rat Swarm Optimizer (RSO), struggle with scalability, especially when dealing with large datasets.
Additionally, RSO is unable to solve multiple tasks simultaneously, which leads to an increased time to
complete the optimization process across multiple datasets. To resolve this constraint, this paper
introduces the Multi-Factorial Rat Swarm Optimizer (MFRSO), which combines Multi-Factorial
Optimization (MFO) principles to allow knowledge transfer between tasks, thus increasing optimization
efficiency. The performance of MFRSO was compared to that of RSO on five datasets of varied sizes, with
results averaging over ten runs. Experimental results show that MFRSO consistently delivered a higher
Percentage of Test Suite Reduction (PTSR) while maintaining full requirement coverage, as opposed to
RSO, which loses efficiency significantly with larger datasets. Furthermore, MFRSO reduced the
optimization time compared to RSO, indicating its scalability and reliability. Future work will investigate
adaptive knowledge transfer methods and apply MFRSO to dynamic test suite settings.

Keywords-rat swarm optimization; multifactorial optimization; test suite reduction; transfer learning;

multitasking

I.  INTRODUCTION

Software testing is a phase of software development that
ensures the correctness, reliability, and performance of
software systems [1]. However, as software becomes more
complicated, the number of test cases necessary for complete
testing increases dramatically, resulting in significant
computing expenses. Test Suite Reduction (TSR) strategies
intend to reduce the amount of test cases while maintaining
fault detection capability, thus increasing efficiency without
sacrificing software quality [2].

Metaheuristic optimization algorithms have been widely
used for TSR because of their ability to explore large solution
spaces effectively. A systematic review in [3] analyzed 57

relevant articles, revealing that algorithms based on swarm
intelligence constitute a significant portion (40%) of search-
based TSR techniques. Among these, 91% of swarm
intelligence-based approaches addressed single-objective
optimization problems, while only 9% tackled multi-objective
optimization. The review also found that 67% of TSR research
focused on single-objective optimization, while 33% focused
on multi-objective optimization. However, very few studies
have investigated multitasking strategies, revealing a research
gap in Multi-Factorial Optimization (MFO).

A. Rat Swarm Optimizer (RSO)

RSO is a swarm intelligence-based metaheuristic inspired
by the foraging behavior of rats, mimicking their ability to
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explore and exploit the search space efficiently by balancing
exploration and exploitation [4]. The algorithm models the
movement of rats within a solution space, where each rat
represents a candidate solution. Movement strategies
incorporate adaptive position updates based on leader-
following mechanisms and local search behaviors to improve
convergence toward optimal solutions. Among optimization
algorithms, RSO has demonstrated strong performance in
solving complex optimization problems in recent years, as
shown in Table 1. This makes it a suitable foundation for
integration with MFO. However, standard single-objective
optimization methods may be insufficient when dealing with
several tasks simultaneously, such as improving TSR across
different software versions or components. RSO has
demonstrated effectiveness in solving various optimization
problems due to its adaptability and efficient search
capabilities. However, in its standard form, RSO is designed
primarily for single-objective optimization [4], limiting its
applicability in multitasking scenarios such as TSR across
multiple software components.

TABLE L. LIST OF RSO APPLIED IN OTHER SCOPES
Reference Scope
[5] Covid-19 diagnosis
[6] Computer vision
[7] Photovoltaic systems
[8] Cybersecurity
[9] Fish species classification

B. Multi-Factorial Optimization (MFO)

MFO is a multitasking optimization framework that enables
simultaneous optimization of multiple tasks by exploiting
knowledge transfer mechanisms [10]. It leverages the concept
of skill factors to associate solutions with specific tasks while
allowing for the sharing of knowledge between them. This
approach improves search efficiency and overall optimization
performance by using intertask dependencies.

Genetic operators, such as crossover and mutation, facilitate
knowledge transfer across tasks, ensuring better convergence
and solution diversity [11]. This approach is particularly
beneficial in scenarios where tasks share common structural
properties, making it ideal for TSR in diverse software testing
environments. The concept of MFO has also been widely used
in other studies, as shown in [12-15]. Therefore, by integrating
MFO principles with RSO, MFRSO extends the capabilities of
traditional RSO, enabling multitask learning for TSR.

II. PROPOSED ALGORITHM

This study adopted an experimental design to develop and
evaluate the proposed MFRSO algorithm, following the
research structure outlined in [16-18]. The algorithm integrates
RSO principles into MFO to enable simultaneous optimization
across multiple tasks. Figure 1 provides an overview of the
proposed MFRSO workflow, illustrating the key stages from
initialization to solution evaluation. The workflow consists of
population initialization,  fitness  evaluation, ranking
mechanism, skill factor assignment, scalar fitness, population
update, and evolution.
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Fig. 1. Multifactorial Rat Swarm Optimizer (MFRSO) workflow.
The key components of the optimization process are
explained in the following section.

A. Population Initialization

MFRSO, like most MFO techniques [10, 11], begins by
initializing a unified population of candidate solutions (rats).
Each rat is randomly assigned an initial test suite subset to form
a possible solution. To ensure a fair comparison, the population
size is fixed at 50 and the iteration of the optimization process
at 100 for all algorithms, a value determined through
preliminary experiments. Additionally, during population
initialization, at least one solution is guaranteed to achieve
100% requirement coverage for every task. This ensures that
the optimization process starts with a feasible solution and
avoids premature convergence to suboptimal results.

B. Fitness Evaluation

After population initialization, the fitness of each rat is
evaluated across all tasks. The fitness evaluation for each task
considers the size of the test suite, penalties for uncovered
requirements, and oversized test suites. The evaluation process
utilizes the following parameters.

o taskTestCaseSize: The original number of test cases in a
task.
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e taskTotalRegs: The total number of requirements in a task.

e uncoveredRegs: The number of requirements not covered
by the test suite.

e coveredRegs: The number of requirements covered by the
test suite.

o testSuiteSize: The number of test cases in the rat.
e penalty: A penalty applied for each uncovered requirement.
penalty = (uncoveredReqs) X 10000

e overSizePenalty: A penalty applied for each exceed test
cases based on taskTestCaseSize.

overSizePenalty =
(testSuiteSize - taskTestCaseSize) X 10000

A penalty weight of 10000 was chosen to ensure that
solutions with uncovered requirements or oversized test suites
are heavily penalized, guiding the optimization process toward
compact solutions. The overall fitness is calculated as:

fitness = testSuiteSize + penalty + overSizePenalty

Additionally, the requirements coverage percentage of a rat
for the task is computed as:

coveredReqs

coverPercent = ( ) X 100

taskTotalReqs

C. Ranking Mechanism

After evaluating the fitness of each rat for all tasks, the rats
are ranked individually for each task based on their fitness
values. This process is repeated for all tasks, ensuring that each
rat has a unique rank for each one. The ranking process works
as follows:

¢ Sorting: For each task, the rats are sorted in ascending order
of fitness (lower fitness values indicate better solutions).

e Rank Assignment: Each rat receives a rank based on its
place in the sorted list. The rat with the lowest fitness value
earns rank one, followed by rank two, and so on.

D. Skill Factor Assignment

The skill factor assignment mechanism ensures that each rat
is assigned a specific task depending on its overall
performance. This procedure assigns at least one rat to each
task using the criteria listed below. Once each task has at least
one assigned rat, the remaining rats are assigned to the task
they perform the best.

e Rank Priority: The rat with the lowest rank (rank 1) for the
task is prioritized.

e Fitness Consideration: In the case of ties (rats with the same
rank), the rat with the lower fitness value is selected.

e Uniqueness Constraint: The selected rat must not already be
assigned to another task.
E. Scalar Fitness

To facilitate the optimization process, a scalar fitness value
is calculated for each rat. This scalar fitness represents the rat's

overall performance across all tasks and is used to guide the
selection and evolution of the population. The scalar fitness is
calculated as the inverse of the best rank achieved by the rat
across all tasks [19].

. 1
scalarFitness = (—)
bestRank

where the bestRank is the lowest rank achieved by the rat
across all tasks. This inverse relationship ensures that rats with
lower ranks (better performance) receive higher scalar fitness
values, prioritizing them in the optimization process.

F. Population Update and Evolution

The population update process ensures that each rat's
solution is refined based on its assigned skill factor. The key
steps are as follows:

e Each rat in the population is processed individually,
creating a temporary copy of it.

e The copied rat's solution is refined using the RSO update
equations (see [4]).

e A temporary population is created, where the copied rat
replaces the original rat position.

e The copied rat's solution is evaluated for all tasks, followed
by ranking and skill factor assignment.

e The scalar fitness of the copied rat is compared with that of
its original counterpart. If it performs better, it replaces the
original, and the improvement is recorded. Otherwise, the
update is discarded.

After each optimization loop, the updated solution is
evaluated and only those leading to improved scalar fitness
replace the original. If no improvements occur across all rats, a
counter tracks stagnation for potential termination. The
optimization process terminates when the loop reaches the
maximum iteration of 100 or when the stagnation counter
reaches 10. Below is the pseudocode of the optimization
process.

Algorithm 1:
Process
Input:

Population Optimization
Population P, Parameters
A, C
Output: Updated population P with
optimized solutions
Notations:
P: Population
solutions)
P;: A rat (solution) in the population
P,: Best rat in the population within
the same skill factor
c;: Candidate solution proposed by a rat
7;: Skill factor assigned to a rat,
representing a specific task it
specializes in
¢: Scalar fitness of a rat across all
tasks

Tasks T,

(Contain a set of possible
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Start Procedure optimizePopulation

Initialize CheckImprovement = false

for each P; in P do

.1 Create a copy of P; which is P;’

Determine the skill factor t1; of P;

.3 Identify the best rat P, in P within

same T;

3.4 Optimize the solution for the Pi’
using the RSO equation from [4]

3.5 Create temporary population P’/ with
P;’ replacing P;

3.6 Evaluate only the copied rat’s
fitness P;’ for each task in P’

3.7 Rank all rats in P’ for each task
based on fitness

3.8 Assign t1; to all rats based on new

ranks in P’

Calculate ¢ for all rats based on new

ranks in P’

.10 Compare ¢ P;/ with ¢ P;

.11 if ¢ P;’> ¢ P; then

.11.1 Accept P;’

.11.2 Set CheckImprovement = true

.12 else

.12.1 Reject P;’

End for

if CheckImprovement == false then

.1 Set noImprovementCount += 1

else

.1 Set noImprovementCount = 0

End Procedure
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II. RESULTS AND DISCUSSION

This section evaluates the proposed algorithm using
standard industry metrics such as Percentage Test Suite
Reduction (PTSR) and Percentage of Coverage Achieved
(PCOA) [3]. The evaluation focuses on RSO [4] and the
proposed MFRSO. Since this is a preliminary evaluation, 10
runs and five datasets were sufficient to capture performance
trends, assess scalability, and provide a reasonable evaluation.
The largest dataset was retrieved from [20], while the other
datasets were generated by mimicking its pattern and structure,
with variations in the number of test cases, requirements, and
their mappings. By ensuring that these self-generated datasets
strictly follow the characteristics of real-world data, researchers
can utilize them effectively to improve software quality and
perform controlled and scalable experiments [21].

A. PTSR Analysis

Figures 2 and 3 illustrate the PTSR trends of MFRSO and
RSO algorithms across 10 independent runs for different
dataset sizes. Figure 2 shows the performance of MFRSO,
where it maintains a consistently high PTSR, even for larger
datasets, with values above 65%. This indicates that MFRSO
remains stable and reliable in optimizing complex test suites. In
contrast, Figure 3 reveals a significant drop in RSO's PTSR
when handling larger datasets. Although RSO performs
adequately for smaller datasets, its optimization efficiency

decreases sharply for large-scale datasets, with PTSR dropping
to only 6-32%. This drop occurs because RSO lacks transfer
learning between different optimization tasks, leading to
inefficient  exploration and  premature  convergence.
Furthermore, since the population size and number of iterations
are fixed across all algorithms for a fair comparison, RSO
struggles to achieve the best-optimized result within the given
number of iterations due to its limited search capability and
independent task handling. In contrast, MFRSO, leveraging
multifactorial optimization techniques, efficiently transfers
information between tasks, allowing knowledge gained from
optimizing one dataset to enhance the optimization of others.
This enables MFRSO to reach better-optimized results within
the same number of iterations, maintaining higher performance
even for large-scale datasets.
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Fig. 2. MFRSO PTSR performance across 10 runs.
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Fig. 3. RSO PTSR performance across 10 runs.

B. PCOA Analysis

Both MFRSO and RSO consistently achieved 100% PCOA
across all 10 runs on the five datasets. This is because both
algorithms are explicitly designed to enforce full requirement
coverage, ensuring the correctness of the test suite selection. In
software testing, achieving complete requirement coverage is
vital because reducing the test suite size without full coverage
would lead to an incomplete and ineffective testing process.
Therefore, while minimizing the number of test cases is the
primary optimization goal, it must not come at the cost of
missing requirements, which would compromise the validity of
the testing phase. Figure 4 shows the PCOA performance of
both algorithms across all 10 runs for five different dataset
sizes.
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Fig. 4. PCOA performance across 10 runs for RSO and MFRSO

C. Analysis of Time Taken for Execution Process

Figure 5 illustrates the time efficiency of both algorithms,
showing the total time taken for the execution process across
10 runs to complete the optimization on five different dataset
sizes. All datasets were optimized for each run.

Total Time Taken of Execution Process
16

“ ——=—
12

)
)
g 10
X
K
S 8
E o
]
S 4
2
2
0
MFRSO RSO
Algorithms
Fig. 5. Execution time taken for MFRSO and RSO across 10 runs.
In general, MFRSO has much higher optimization

efficiency and takes less time to complete the algorithm
execution process than RSO. This improvement is related to
MFRSO's ability to handle multitasking through its
multifactorial optimization approach, which allows it to
optimize many datasets at the same time. MFRSO improves the
optimization process by transferring knowledge across tasks,
resulting in faster convergence and more efficient exploration
of solution spaces. In contrast, RSO processes each dataset
separately, optimizing one task at a time. This sequential
technique leads to increased processing costs and longer
execution times, particularly when dealing with huge datasets.
The MFRSO ran ten times, with a best time of 3.498 s and a
worst time of 10.679 s, with an average of 7.5116 s. On the
contrary, the RSO's best time was 11.981 s, worst time was
14458 s, and average time was 13.3047 s. These findings
clearly highlight the benefits of MFRSO's multitasking
capacity, which makes it a more efficient and scalable option
for TSR across various and complicated datasets.

D. Overall Performance

Figure 6 provides a visual comparison between the RSO
and the MFRSO across three key performance metrics: PTSR,
PCOA, and Time taken. Both algorithms achieved 100%
PCOA consistently, demonstrating their ability to fully meet
requirement coverage. However, the chart clearly shows that
MFRSO outperformed RSO in terms of PTSR, indicating its
superior ability to minimize the test suite size more effectively.
In the Time taken performance metric, MFRSO again showed
stronger performance by completing the optimization process
in a shorter time compared to RSO. This advantage is reflected
in the higher performance percentage for MFRSO, highlighting
its efficiency.

Performance Comparison of RSO & MFRSO
e RSO e MFRSO
Avg.PTSR

GIEHARGE] Avg.PTSR, 79.5

Avg.Time Taken,
Ve Ume iaxel Avg.PCOA, 100
7.5
Avg.TimeTaken Avg.PCOA
Avg.Time Taken,
13.3 Avg.PCOA, 100
Fig. 6. Algorithm performance summary.

IV. CONCLUSION

The results confirm that MFRSO is more suitable for large-
scale TSR, as it maintains higher optimization performance
across different dataset sizes while being computationally
efficient. The findings strongly support the superiority of
MFRSO over RSO in terms of optimization effectiveness,
stability, and execution time. These results highlight the
potential of MFRSO as a more scalable and efficient TSR
solution, contributing to improved software testing processes.

The novelty of this approach lies in the integration of the
MFO framework with the RSO algorithm, enabling
simultaneous optimization across multiple tasks using a single
population. This approach not only improves the convergence
behavior but also leverages knowledge transfer between tasks
to accelerate the search process. Compared to previous works
that focused on single-task or standalone optimization methods
[22-25], MFRSO demonstrates clear advantages in handling
multitask environments with varying dataset complexities.
Experimental comparisons with the original RSO showed that
MFRSO consistently achieved higher reduction while
maintaining full requirement coverage at less computational
overhead. These improvements validate the proposed method's
strength in balancing solution quality and runtime efficiency.

Future work can explore adaptive information transfer
techniques to further enhance optimization efficiency.
Additionally, extending MFRSO to handle dynamic test suite
scenarios or applying it to other software engineering
challenges could further demonstrate its versatility and
effectiveness.
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