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ABSTRACT 

Test redundancy reduction (TRR) addresses the continued growth of regression test suites by selecting a smaller 

test set while preserving required testing adequacy. This updated systematic review maps metaheuristic 

approaches to TRR and closely related test-suite reduction/minimization across algorithm family, search 

architecture, task structure, objective structure, evaluation practice, and reproducibility. A seeded-update review 

design was used: the test-suite-reduction evidence base reported by Habib et al. was re-screened, followed by 

targeted bibliographic searching and backward and forward snowballing to update the evidence through 

September 2026. The quantitative corpus contains 48 peer-reviewed primary studies published from 2010 to 

2026. Thirty-three studies (68.8%) use single or modified-single architectures, while 15 (31.3%) use hybrid 

architectures. Swarm-intelligence methods account for 24 studies (50.0%). Multi-objective optimization appears 

in 18 studies (37.5%), whereas 30 (62.5%) use single-objective formulations. Six studies (12.5%) explicitly 

employ multi-task or multifactorial optimization, with this cluster emerging in 2024–2025, while single-task 

formulations remain dominant (42/48, 87.5%). The review therefore reframes multi-task TRR from an absent 

direction to a recent but still comparatively underrepresented research direction. Across the corpus, direct 

algorithm ranking remains inappropriate because benchmark suites, adequacy criteria, search budgets, parameter 

reporting, and runtime environments differ substantially. The review further distinguishes algorithm family from 

search architecture, task structure, and objective structure so that hybrid, multi-objective, and multi-task 

formulations are not conflated. The resulting evidence map provides an auditable basis for future hybrid, multi-

objective, and multi-task TRR research. 

Keywords: test redundancy reduction, test suite minimization, metaheuristics, hybrid optimization, multi-

objective optimization 

INTRODUCTION 

Regression testing is essential for determining whether software changes have affected previously working 

behaviour. As software evolves, regression suites tend to grow and may contain tests that exercise overlapping 

requirements or code elements. Test-suite minimization, selection and prioritization are related but distinct 

regression-testing activities; minimization specifically seeks a smaller suite while retaining a defined adequacy 

criterion (Khan et al., 2018; Yoo & Harman, 2012). 
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TRR is naturally formulated as a combinatorial optimization problem. Search-based software engineering has 

therefore motivated genetic, swarm, physics-inspired and hybrid search strategies for reducing testing effort 

while maintaining adequacy. Earlier surveys show substantial diversity in reduction frameworks and search-

based methods (Habib et al., 2023; Khan et al., 2016; Rahman et al., 2024). 

The literature has already been reviewed from several perspectives. Khan et al. synthesized test-suite-reduction 

approaches and experimental quality, while Habib et al. organized 57 selected search-based TSR studies from 

2007–2022 into evolutionary, swarm-intelligence, human-inspired, physics-based and hybrid families (Habib et 

al., 2023; Khan et al., 2018). The present review uses that historical evidence as a discovery anchor and extends 

the evidence through September 2026. 

This study therefore reviews metaheuristic approaches for TRR with four connected emphases: algorithm 

families, optimization strategy, evaluation practice, and research trends. In particular, the review distinguishes 

standalone from hybrid algorithms and single-task from multi-task or multi-objective formulations. This 

distinction is important because combining algorithms is not equivalent to solving multiple optimization tasks, 

and optimizing multiple objectives is not equivalent to multi-task optimization. 

The contribution of this review is an updated, study-level synthesis that connects algorithmic development with 

optimization formulation and evidence quality. It separates algorithm architecture (single/modified versus 

hybrid), task structure (single-task versus multi-task/multifactorial), and objective structure (single- versus 

multi-objective), because these dimensions answer different research questions. All included primary studies are 

individually coded in Supplementary Table S1 and mapped to the reference list. 

Historical TSR evidence contains both deterministic and search-based methods, and prior reviews emphasize 

that reduction, selection, and prioritization should not be treated as interchangeable concepts (Khan et al., 2016; 

Khan et al., 2018; Yoo & Harman, 2012). The present synthesis focuses on metaheuristic/search-based 

optimization studies that directly reduce, minimize, select, or jointly optimize test suites under an explicit testing 

adequacy or effectiveness goal. 

Single or modified-single metaheuristics span evolutionary, swarm, human-inspired and physics-inspired search. 

Representative examples include genetic test-suite optimization (Jeyaprakash & Alagarsamy, 2015; 

Nachiyappan et al., 2010; Sheikh et al., 2023), simulated-annealing TRR (Zamli et al., 2015), particle-swarm 

minimization (Ahuja & Bhatia, 2024; Deneke et al., 2022; Sun & Wang, 2010), ant-colony variants (Bharathi & 

Sangeetha, 2018; Mohanty et al., 2020; Zhang et al., 2017), flower-pollination methods (Chintapalli & Singh, 

2019; Kabir et al., 2017), and bat/ant-lion variants (Bajaj et al., 2022; Reda et al., 2022; Wei et al., 2022). 

Multi-objective formulations explicitly optimize more than one criterion within the same reduction task. 

Examples combine suite size or execution cost with coverage, fault detection, localization, or related 

effectiveness measures (Ahmed, 2016; Anwar et al., 2019; Choudhary et al., 2018; Freeda & Rajendran, 2024; 

Gupta et al., 2022; Habib et al., 2024; Reda et al., 2022; Sharma et al., 2010; Turner et al., 2016). This dimension 

is distinct from multi-task optimization, where knowledge is transferred or coordinated across related 

optimization tasks. 

Hybridization combines complementary search mechanisms or algorithmic components. The corpus includes 

early GA/bee-colony and concept-analysis/PSO combinations (Selvakumar et al., 2013; Suri et al., 2011), hybrid 

cuckoo/bee and FA-BC approaches (Lakshminarayana & SureshKumar, 2021; Panigrahi et al., 2021), GNA-SA 

(Zamli et al., 2018), improved ABC with TLBO mechanisms (Ahuja & Bhatia, 2023), hybrid fault-

detection/localization optimization (Freeda & Rajendran, 2024), relay-based PSO-Jaya (Mojumder et al., 2025), 

and adaptive SCA-PSO (Kader et al., 2025). 

Existing reviews cover much of the historical landscape (Habib et al., 2023; Khan et al., 2018; Rahman et al., 

2024). The main reason for updating the evidence is the recent appearance of explicitly multi-task/multifactorial 

TRR and new hybrid strategies, which materially changes the earlier interpretation of this research gap. 
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RELATED LITERATURE AND EVOLUTION OF METAHEURISTIC TRR 

From deterministic reduction to search-based optimization 

Early and intermediate studies demonstrate the diversity of search-based reduction: genetic search (Jeyaprakash 

& Alagarsamy, 2015; Nachiyappan et al., 2010), Tabu Search (Sharma et al., 2010), simulated annealing (Zamli 

et al., 2015), PSO (Sun & Wang, 2010), and greedy/genetic combinations (Yamuç et al., 2017). These 

approaches establish the optimization basis on which later swarm, hybrid, multi-objective and multi-task 

formulations build. 

Single Metaheuristics 

Single-algorithm approaches remain useful baselines because they expose the behaviour of one search family 

without cross-family hybrid effects. The corpus includes ACO-Min and Lion Search (Asthana et al., 2020; 

Mohanty et al., 2020), quantum-ant and dragonfly variants (Sugave et al., 2017; Zhang et al., 2017), Firefly 

(Sahoo et al., 2016), Flower Pollination (Chintapalli & Singh, 2019), PSO (Ahuja & Bhatia, 2024; Deneke et 

al., 2022), Bat (Bajaj et al., 2022; Reda et al., 2022), Ant Lion (Wei et al., 2022), Sparrow Search (Rahman et 

al., 2024), and Social Network Search (Mekeng et al., 2026). 

Multi-objective optimization 

Multi-objective TRR reflects the practical reality that testing quality cannot be reduced to cardinality alone. The 

included studies optimize or evaluate combinations of reduction, execution cost, coverage, fault detection, fault 

localization, or similarity-related objectives (Ahmed, 2016; Anwar et al., 2019; Bharathi & Sangeetha, 2018; 

Bharathi, 2022; Choudhary et al., 2018; Freeda & Rajendran, 2024; Gan et al., 2021; Gupta et al., 2022; Habib 

et al., 2024; Reda et al., 2022; Sharma et al., 2010; Turner et al., 2016). Because formulations and metrics differ, 

these studies should be interpreted through their stated trade-offs rather than a single global rank. 

Hybrid metaheuristics 

Hybrid methods seek complementary exploration and exploitation or combine an optimizer with another 

selection/refinement mechanism. The included hybrid evidence spans BCO-GA (Suri et al., 2011), 

cuckoo/combinatorial filtering (Ahmed, 2016), PSO/firefly (Bharathi, 2022), FA-BC (Panigrahi et al., 2021), 

GNA-SA (Zamli et al., 2018), ABC-TLBO mechanisms (Ahuja & Bhatia, 2023), and recent PSO-Jaya and SCA-

PSO strategies (Kader et al., 2025; Mojumder et al., 2025). 

Multi-task and emerging optimization strategies 

Multi-task optimization is conceptually different from multi-objective optimization. Six included studies 

explicitly use multi-task or multifactorial formulations: population-division multi-task SCA (Zamli et al., 2024), 

multifactorial Rat Swarm Optimization (Kang et al., 2025), multi-task Brown Bear (Sidek et al., 2025b), multi-

task SCA (Zamli et al., 2025), adaptive multi-task SCA-PSO (Kader et al., 2025), and MT-ZOA (Rizwan et al., 

2025). 

Experimental quality and reproducibility 

The credibility of metaheuristic comparisons depends on transparent experimental design. Prior software-

engineering SLR guidance and TSR reviews emphasize systematic study identification, reproducible extraction 

and careful interpretation of heterogeneous empirical evidence (Brereton et al., 2007; Habib et al., 2023; Khan 

et al., 2018; Kitchenham & Charters, 2007). Accordingly, this review does not infer statistical superiority when 

papers use different benchmarks, budgets, adequacy measures, parameter settings, or execution environments. 

 

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue VIII August 2026 

 

www.rsisinternational.org 

Page 15110 

 
 

 

METHODOLOGY 

Research design 

This study adopts an updated evidence-mapping SLR design guided by established software-engineering review 

practice (Brereton et al., 2007; Kitchenham & Charters, 2007). It is not presented as a de novo PRISMA review 

because database hit, duplicate-removal and screening counts were not reconstructed retrospectively. Instead, 

the method transparently reports a seeded historical re-screen plus a verified update search. 

Research questions 

Table 1: Research questions and motivations 

ID Research question Motivation 

RQ1 What types of metaheuristic-based TRR/TSR studies 

have been published from 2010 to 2026, and how has 

publication activity evolved? 

Map publication year, venue, study type, and 

empirical context across the review window. 

RQ2 Which metaheuristic algorithm families are used and 

how have they evolved? 

Identify dominant and emerging search 

families. 

RQ3 To what extent are standalone, modified, hybrid, 

single-task, multi-task and multi-objective strategies 

investigated? 

Characterize optimization strategy and the 

direction of methodological innovation. 

RQ4 Which objectives, adequacy criteria, datasets and 

performance metrics are used? 

Determine how effectiveness, adequacy and 

efficiency are evaluated. 

RQ5 Under what comparable evaluation conditions do 

recent approaches report competitive performance? 

Avoid unsupported universal rankings across 

incompatible benchmarks. 

RQ6 What methodological, practical and reproducibility 

limitations remain? 

Assess baselines, repeated runs, statistics, 

parameters, artifacts and validation. 

RQ7 What research directions emerge from the evidence, 

particularly for hybrid, multi-objective, and multi-

task optimization? 

Identify opportunities supported by observed 

distributions and recurring methodological 

gaps. 

Participants, materials or data sources 

Study discovery used a seeded-update strategy. Habib et al.’s 57-study search-based TSR review for 2007–2022 

was used as the historical discovery anchor (Habib et al., 2023). Candidate historical studies were re-screened 

against this review’s scope, and targeted bibliographic searching plus backward/forward snowballing were used 

for 2023 through 8 September 2026. Publisher pages, DOI records, proceedings, or institutional repositories 

were used to verify bibliographic identity and relevance where available. 

The core search concept is: ("test redundancy reduction" OR "test suite reduction" OR "test suite minimization") 

AND (metaheuristic OR "meta-heuristic" OR "search-based" OR optimization OR evolutionary OR swarm OR 

hybrid). Database-specific variants will also include terms for genetic algorithm, particle swarm, simulated 

annealing, Grey Wolf, Sparrow Search, Sine Cosine, multi-objective, and multi-task optimization. 

Table 2: Inclusion and exclusion criteria 

Inclusion criteria Exclusion criteria 

English peer-reviewed journal or conference paper Non-English or non-peer-reviewed work 
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Published from January 2010 to September 2026 Published before 2010 

Addresses TRR, test suite reduction or 

minimization 

Only test prioritization or test generation without 

reduction 

Uses or empirically compares search/metaheuristic 

optimization 

No relevant optimization evidence 

Provides sufficient information to answer at least 

one RQ 

Insufficient method/evaluation information 

Full text or sufficient publisher/proceedings 

evidence available for eligibility and coding 

Bibliographic identity or methodological relevance 

cannot be verified 

Procedure and data analysis 

Study selection for the historical window followed re-screening of the earlier systematic corpus, followed by 

targeted update searching and snowballing for 2023–2026. Records were retained when they addressed test-suite 

reduction/minimization or closely related test optimization using a metaheuristic/search-based optimization 

strategy and contained enough methodological information for coding. The quantitative corpus contains 48 

studies. 

Reporting quality was evaluated descriptively using eight criteria: clarity of aim; adequacy of dataset or subject-

system description; reproducibility of the optimization procedure; appropriateness of baselines and metrics; 

reporting of repeated runs or statistical analysis; reporting of parameter settings and stopping criteria; availability 

or identifiability of artifacts; and alignment between conclusions and evidence. Because several historical studies 

were available only through bibliographic/secondary-review evidence, these criteria are used to characterize 

reporting completeness rather than as an exclusion threshold. No numerical quality score is fabricated where 

full-text evidence is unavailable. 

Table 3: Data extraction framework 

Dimension Extracted information 

Bibliographic Year, venue, document type 

Problem context TRR/TSR/TSM; white-box/black-box; regression context 

Algorithm Family, variant, standalone/modified/hybrid 

Optimization formulation Single-task, multi-task, single-objective, multi-objective 

Adequacy Requirement, statement, branch, checked coverage, mutation/fault detection 

Evaluation Benchmarks, project scale, baselines, run count, statistical tests 

Efficiency Reduction %, suite size, execution/search time, convergence 

Reproducibility Parameters, seeds, implementation, hardware, code/data availability 

Evidence Main findings, limitations, future directions 

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue VIII August 2026 

 

www.rsisinternational.org 

Page 15112 

 
 

 

RESULTS 

The final quantitative evidence map contains 48 individually coded primary studies published from 2010–2026. 

The final corpus includes the verified 2025 Brown Bear/Roulette Wheel Brown Bear TRR study (Sidek et al., 

2025a). Supplementary Table S1 supplies the complete study-level coding and bibliographic traceability. 

Publication and algorithm trends (RQ1-RQ2) 

Among the 48 included studies, swarm-intelligence methods form the largest coded family (24/48, 50.0%). 

Single or modified-single architectures account for 33 studies (68.8%) and hybrid architectures for 15 (31.3%). 

Evolutionary approaches account for 6 studies (12.5%), human-inspired search for 2 (4.2%), and physics-based 

search for 1 (2.1%). The update period includes improved swarm methods (Ahuja & Bhatia, 2024; Mekeng et 

al., 2026; Rahman et al., 2024; Sidek et al., 2025a) and hybrid strategies (Ahuja & Bhatia, 2023; Freeda & 

Rajendran, 2024; Kader et al., 2025; Mojumder et al., 2025), while explicit multi-task/multifactorial work 

appears mainly in 2024–2025 (Kader et al., 2025; Kang et al., 2025; Rizwan et al., 2025; Sidek et al., 2025b; 

Zamli et al., 2024; Zamli et al., 2025). 

Table 4: Evidence-corpus classification of 48 primary studies 

Dimension Category n % 

Architecture Single / modified single 33 68.8 

Architecture Hybrid 15 31.3 

Task structure Single-task 42 87.5 

Task structure Multi-task / multifactorial 6 12.5 

Objective structure Single-objective 30 62.5 

Objective structure Multi-objective 18 37.5 

Algorithm family Swarm intelligence 24 50.0 

Algorithm family Hybrid 15 31.3 

Algorithm family Evolutionary 6 12.5 

Algorithm family Human-inspired 2 4.2 

Algorithm family Physics-based 1 2.1 

Table 5: Publication-year distribution of the 48 included primary studies 

Year Studies Year Studies 

2010 3 2011 1 

2013 1 2015 2 

2016 4 2017 4 

2018 3 2019 2 
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2020 3 2021 4 

2022 6 2023 2 

2024 5 2025 7 

2026 1   

Optimization strategies (RQ3) 

Table 6: Proposed taxonomy of optimization strategies for TRR 

Strategy Description Evaluation implication 

Standalone One metaheuristic performs the search Simpler attribution; requires strong 

baseline comparison 

Modified / 

improved 

Operators, parameters or schedules of one 

method are changed 

Ablation is needed to show the 

modification contributes 

Hybrid Two or more search mechanisms are 

integrated 

Component contribution and fair baselines 

should be reported 

Single-task One TRR optimization task is solved 

independently 

Does not exploit knowledge transfer 

among related tasks 

Multi-task Related optimization tasks are solved jointly 

or with knowledge transfer 

Requires task definition and transfer 

analysis 

Multi-objective Several objectives are optimized 

simultaneously 

Requires Pareto-aware or trade-off 

evaluation 

The coding confirms that architecture, task structure, and objective structure are separate dimensions. Thirty-

three studies (68.8%) use single or modified-single architectures and 15 (31.3%) are hybrid. Forty-two studies 

(87.5%) are single-task and six (12.5%) are multi-task/multifactorial (Kader et al., 2025; Kang et al., 2025; 

Rizwan et al., 2025; Sidek et al., 2025b; Zamli et al., 2024; Zamli et al., 2025). Thirty studies (62.5%) are coded 

as single-objective and 18 (37.5%) as multi-objectives. Representative multi-objective studies include neuro-

fuzzy regression-suite optimization (Anwar et al., 2019), Pareto Harmony Search (Choudhary et al., 2018), fault 

detection/localization optimization (Freeda & Rajendran, 2024; Gupta et al., 2022), adapted Binary Bat (Reda 

et al., 2022), and similarity-based multi-objective optimization (Habib et al., 2024). 

Evaluation objectives and metrics (RQ4) 

Table 7: Evaluation dimensions for metaheuristic TRR 

Dimension Representative measures Interpretation 

Reduction Reduced suite size; reduction percentage Efficiency of redundancy removal 

Coverage Requirement, statement, branch, checked 

coverage 

Preservation of adequacy 

Fault effectiveness Mutation score; fault detection Preservation of defect-detection value 
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Cost Execution time; search time; computational 

budget 

Practical efficiency 

Search behaviour Best/mean fitness; convergence; stability Optimization quality and stochastic 

behaviour 

Statistical evidence Variance; significance tests; effect size Strength of comparative claims 

Comparative performance (RQ5) 

The corpus does not support a universal best-algorithm ranking because studies differ in subject systems, 

adequacy criteria, optimization budgets, and performance measures. For example, particle-swarm, genetic, 

swarm-hybrid, and multi-objective studies are evaluated under different experimental contexts (Deneke et al., 

2022; Habib et al., 2024; Mojumder et al., 2025; Sheikh et al., 2023). The defensible synthesis is therefore 

comparative at the level of design patterns, objectives, and reporting practice rather than a pooled performance 

league table. 

Methodological and reproducibility limitations (RQ6) 

Recurring comparability problems include heterogeneous benchmarks, incomplete parameter reporting, 

different stopping rules, inconsistent repeated-run reporting, and missing runtime context. These concerns are 

consistent with earlier TSR syntheses (Habib et al., 2023; Khan et al., 2018; Rahman et al., 2024). Consequently, 

claims of algorithmic superiority should be restricted to matched experimental conditions within the original 

studies. 

Emerging research directions (RQ7) 

Three directions are supported by the updated corpus. First, hybridization is established but remains less common 

than single/modified-single search (31.3% versus 68.8%); recent examples such as relay PSO-Jaya and adaptive 

SCA-PSO motivate stronger ablation and matched-budget comparisons (Kader et al., 2025; Mojumder et al., 

2025). Second, multi-objective TRR is established (18/48, 37.5%) and should report trade-offs explicitly (Freeda 

& Rajendran, 2024; Gupta et al., 2022; Habib et al., 2024; Reda et al., 2022). Third, multi-task/multifactorial 

optimization forms a recent six-study cluster (12.5%) (Kader et al., 2025; Kang et al., 2025; Rizwan et al., 2025; 

Sidek et al., 2025b; Zamli et al., 2024; Zamli et al., 2025). Future work should examine knowledge-transfer 

mechanisms, negative transfer, heterogeneous tasks, reproducible benchmarks, and industrial-scale validation. 

Corpus provenance and coding reliability 

Supplementary Table S1 provides the study-level audit trail for all 48 included primary studies, including 

bibliographic identity, year, venue, algorithm/strategy, architecture, task structure, objective structure, algorithm 

family, source/DOI, and verification basis. The historical evidence was cross-checked against established TSR 

syntheses (Habib et al., 2023; Khan et al., 2018; Rahman et al., 2024), while the 2023–2026 update studies were 

verified against publisher, DOI, proceedings, or repository records. 

DISCUSSION 

The principal value of this review is to connect algorithm choice with optimization formulation and evidence 

quality. Earlier syntheses establish the breadth of test-suite reduction and search-based optimization (Habib et 

al., 2023; Khan et al., 2016; Khan et al., 2018; Rahman et al., 2024), while the updated corpus shows that recent 

work is increasingly differentiated by hybrid architecture, multiple objectives, and cross-task knowledge 

transfer. 

In the 48-study corpus, single/modified-single architectures dominate (68.8%) over hybrids (31.3%), while 

multi-objective formulations account for 37.5%. Task structure is more uneven: 87.5% are single-task and 12.5% 
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are explicitly multi-task/multifactorial. The six multi-task studies are recent (Kader et al., 2025; Kang et al., 

2025; Rizwan et al., 2025; Sidek et al., 2025b; Zamli et al., 2024; Zamli et al., 2025), so the research opportunity 

concerns generalization, transfer design and validation rather than the first introduction of multi-task TRR. 

This review has limitations. Terminology varies across TRR, test-suite reduction, minimization, selection, 

prioritization, and broader test optimization, which can affect search sensitivity. The historical component is a 

seeded re-screen of an earlier systematic corpus rather than a reconstructed database search, and therefore the 

review does not report unobserved PRISMA identification or deduplication counts. These limitations are stated 

to preserve auditability rather than imply exhaustiveness beyond the documented evidence set (Habib et al., 

2023). 

The evidence indicates three overlapping but non-equivalent research axes: algorithm family, optimization 

formulation, and task structure. A single swarm algorithm can be multi-objective without being hybrid (Reda et 

al., 2022); a hybrid can remain single-task (Mojumder et al., 2025; Zamli et al., 2018); and an explicitly multi-

task method can use a single search family (Kang et al., 2025; Rizwan et al., 2025; Sidek et al., 2025b; Zamli et 

al., 2024; Zamli et al., 2025). Keeping these axes separate prevents taxonomy errors and yields a clearer research 

agenda. 

This separation is also useful for interpreting research maturity. A field containing many named metaheuristics 

does not necessarily contain strong comparative evidence. If algorithms are tested on different datasets and 

objectives, it is unsafe to conclude that one family is universally superior. The review should instead identify 

patterns under comparable settings and highlight where replication or shared benchmarks are missing. 

For future TRR research, multi-task optimization deserves attention because it is emerging but not yet broad. 

Current evidence covers SCA, Rat Swarm, Brown Bear, Zebra Optimization, and SCA-PSO formulations (Kader 

et al., 2025; Kang et al., 2025; Rizwan et al., 2025; Sidek et al., 2025b; Zamli et al., 2024; Zamli et al., 2025). 

Stronger future studies should evaluate when transfer helps, when negative transfer occurs, and whether multi-

task advantages persist under matched search budgets and heterogeneous industrial tasks. 

CONCLUSION 

This updated systematic review maps 48 primary studies on metaheuristic test redundancy and test-suite 

reduction from 2010 to 2026 using separate coding dimensions for algorithm family, search architecture, task 

structure, and objective structure. Single or modified-single architectures remain dominant (68.8%), while 

hybrids account for 31.3%. Swarm-intelligence methods represent 50.0% of the corpus, and multi-objective 

optimization appears in 37.5%. Six studies (12.5%) explicitly use multi-task or multifactorial optimization 

(Kader et al., 2025; Kang et al., 2025; Rizwan et al., 2025; Sidek et al., 2025b; Zamli et al., 2024; Zamli et al., 

2025), making this an emerging but still comparatively underrepresented direction. The central methodological 

priority is now reproducible, matched-budget evaluation across heterogeneous test tasks rather than proliferation 

of named algorithms alone. 
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