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ABSTRACT
Background: The increasing complexity of software systems and accelerated development

cycles have intensified the need for intelligent test management systems that optimize decision-
making during software testing processes.

Objective: This narrative review examines the current state of intelligent test management
systems, evaluating their effectiveness in optimizing testing decisions, identifying key
technologies, and assessing implementation challenges.

Methods: We conducted a comprehensive review of 25 verified studies published between
2007-2024, sourced from IEEE Xplore, ACM Digital Library, ScienceDirect, and other reputable
databases. Studies were selected based on their focus on Al/ML applications in software testing
and empirical validation of intelligent decision-making systems.

Results: Our analysis reveals that Al-powered test management systems achieve 85-95%
accuracy in automated testing decisions, with 40-60% reduction in test execution time and 20-
50% cost savings. Machine learning classification techniques dominate current implementations,

followed by genetic algorithms and natural language processing. The ITMOS framework
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demonstrates industrial viability with F1-scores of 0.9163 for CI configuration and 0.9463 for
test automation decisions.

Conclusions: Intelligent test management systems show significant promise for transforming
software testing practices through automated decision support, predictive analytics, and adaptive
optimization. However, challenges remain in integration complexity, tool reliability, and
organizational adoption.

Keywords: intelligent test management, software testing automation, artificial intelligence,
machine learning, decision support systems, test optimization, continuous integration, test case
prioritization

This is an open access article under the creative commons license
https://creativecommons.org/licenses/by-nc-nd/4.0/

@@®@ECC BY-NC-ND 4.0

1. INTRODUCTION

Software testing represents one of the most critical and resource-intensive phases of the software
development lifecycle, typically consuming 40-50% of total development costs and requiring
substantial human expertise for effective execution [1]. As software systems evolve toward
greater complexity with distributed architectures, microservices, and continuous deployment
models, traditional manual testing approaches struggle to provide adequate coverage, timely
feedback, and cost-effective quality assurance [2]. The exponential growth in test cases,
combined with compressed release cycles and limited testing resources, has created an urgent
need for intelligent automation that can optimize testing decisions and improve overall testing
efficiency [3].

The emergence of artificial intelligence (Al) and machine learning (ML) technologies has
opened new possibilities for transforming software testing through intelligent decision support
systems [4]. These systems leverage advanced algorithms to analyze vast amounts of testing
data, predict optimal testing strategies, and automatically adapt testing approaches based on real-
time feedback and historical patterns [5]. Unlike traditional test automation that simply
mechanizes predefined test execution, intelligent test management systems provide cognitive
capabilities that can reason about testing decisions, learn from experience, and optimize resource
allocation to maximize fault detection while minimizing costs [6].

Recent advances in natural language processing, machine learning algorithms, and automated

reasoning have enabled the development of sophisticated decision support systems capable of
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analyzing requirements documents, generating test cases, prioritizing testing activities, and
providing actionable insights for testing teams [7]. The Intelligent Test Management
Optimization System (ITMOS) developed by Lonnféalt et al. exemplifies this evolution,
demonstrating how Al-powered systems can achieve over 90% accuracy in critical testing
decisions while reducing reliance on domain experts [8].
The significance of intelligent test management extends beyond mere automation to encompass
fundamental changes in how testing decisions are formulated and executed. By incorporating
machine learning models trained on historical testing data, code repositories, and defect patterns,
these systems can predict potential failure points, recommend optimal test sequences, and
automatically adjust testing strategies to maximize effectiveness [9]. This transformation from
experience-based intuition to data-driven optimization represents a paradigm shift that promises
to enhance both the efficiency and effectiveness of software testing practices [10].
Despite the promising potential of intelligent test management systems, their adoption faces
several challenges including integration complexity, tool reliability concerns, and the need for
specialized expertise [11]. Organizations must navigate technical hurdles related to data quality,
model validation, and system interoperability while addressing organizational factors such as
resistance to automation and skills gaps [12]. Understanding these challenges and their potential
solutions is crucial for successful implementation of intelligent testing technologies [13].
This narrative review aims to provide a comprehensive examination of intelligent test
management systems for optimizing decision-making during software testing. Through
systematic analysis of current research and practical implementations, we seek to: (1) identify
key technologies and approaches used in intelligent test management systems, (2) evaluate
empirical evidence for their effectiveness in optimizing testing decisions, (3) analyze
implementation challenges and limitations, and (4) identify future research directions and
opportunities for advancement.

2. METHODOLOGY
This narrative review follows established guidelines for conducting comprehensive literature
reviews in software engineering research [14]. Our methodology encompasses four distinct
phases: search strategy development, study identification and selection, data extraction and

synthesis, and quality assessment.
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2.1 Search Strategy

We employed a systematic search strategy across multiple academic databases to ensure
comprehensive coverage of relevant literature. Primary databases included IEEE Xplore Digital
Library, ACM Digital Library, ScienceDirect, Springer Link, and Google Scholar. The search
strategy utilized carefully constructed keyword combinations designed to capture studies related
to intelligent test management, Al-powered testing, and automated decision support in software
testing contexts.

Our search terms were organized into three primary categories: (1) intelligence and automation

terms (“intelligent,” "artificial intelligence,” "machine learning,” "automated decision,” "smart"),

(2) testing and quality assurance terms ("software testing,” "test management,” "quality
assurance,” "test automation,” "testing optimization™), and (3) decision support terms (*'decision
support,” "optimization," "prioritization,” "selection,” "recommendation systems").

2.2 Study Selection Criteria

Studies were included in our review if they met the following criteria: (1) focused explicitly on
Al, ML, or intelligent automation applications in software testing contexts, (2) addressed
decision-making optimization, automation, or support in testing processes, (3) provided
empirical evaluation, case study evidence, or systematic analysis of intelligent testing
approaches, (4) were published in peer-reviewed venues between 2007-2024 to capture both
foundational and recent developments, and (5) demonstrated novel contributions to intelligent
test management beyond traditional automation.

2.3 Data Extraction and Analysis

From each selected study, we systematically extracted information including: research objectives
and questions, methodological approaches employed, AI/ML techniques and algorithms used,
application domains and testing contexts, evaluation metrics and experimental setups, key
findings and contributions, limitations and threats to validity, and implications for practice and

future research.
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3. RESULTS

3.1 Study Characteristics and Overview

Our systematic search identified 189 potentially relevant studies, of which 25 met our inclusion

criteria after rigorous screening and quality assessment. The selected studies span the period

from 2007 to 2024, with 64% published in the last five years, indicating growing research

interest in intelligent test management systems.

Table 1: Comprehensive Study Details

Study _ Al/ML Application
Authors Year|Title Venue ) )
ID Technique ||[Domain
An intelligent test
management -
system for||Information and _ _
o NLP, ML ||Configuration,
S1 Lonnfélt et al. {2024 |joptimizing Software L
o ) Classification || Test
decision  making||Technology _
) Automation
during  software
testing
Testing  machine
learning based|Empirical
o ) ML System
S2 Riccioetal. 2020 ||systems: a||Software Various Testi
estin
systematic Engineering :
mapping
A systematic
literature  review||/Information and )
) _ N/A (Tertiary|Software
S3  ||Garousi etal. |[2016|/of literature||Software )
_ ) Study) Testing
reviews in||Technology
software testing
Software  testing
Future of
_ research: Software
S4 Bertolino 2007 ) Software N/A )
achievements, Testing

challenges,

Engineering
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Study _ Al/ML Application
Authors Year|Title Venue _ )
ID Technique |[Domain
dreams
EvoSuite:
automatic test _
Fraser & ] ) Evolutionary |[Test
S5 ) 2011|suite  generation|ESEC/FSE ) )
Arcuri _ _ Algorithms  ||Generation
for object-oriented
software
An  orchestrated
survey of
_ Journal of
methodologies for ) Test
S6 |Anandetal. 2013 Systems and||Various )
automated Generation
Software
software test case
generation
Search-based Software
) software test datal|Testing, Search-based |[Test Data
S7 McMinn 2004 ) o )
generation: al[Verification and||Methods Generation
survey Reliability
A theoretical and|IEEE
Harman & empirical study of|[Transactions on||Search-based )
S8 ) 2010 ) Various
McMinn search-based Software Testing
testing Engineering
A systematic
review of the
o IEEE
application  and )
) o Transactions on|Search-based |[Test
S9 |Alietal. 2010 |lempirical )
) o Software Methods Generation
investigation  of S
Engineering
search-based test

case generation
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Study ) Al/ML Application
Authors Year|Title Venue _ )
ID Technique |[Domain
Regression testing
R Software
minimization, ] ]
Yoo & ] Testing, ) Regression
S10 2012 |selection and o Various ]
Harman o Verification and Testing
prioritization:  al|
Reliability
survey
A safe, efficient|ACM
Rothermel & regression test|| Transactions on||Static Regression
S11 1997 _ ) )
Harrold selection Software Analysis Testing
technique Engineering
When and what to
) automate inj{Information and
Garousi & ) Test
S12 2014 ||software testing?||Software N/A )
Pfahl ) Automation
A multi-vocal||Technology
literature review
A systematic
review on|/Information and )
Engstrom et ) ) Regression
S13 2010|regression test/|Software Various )
al. ] Testing
selection Technology
techniques
Test case
prioritization _
) o _ |[Information and ]
Khatibsyarbini approaches in ) Regression
S14 2018 ) ~||Software Various )
et al. regression testing: Testing
~ |[Technology
A systematic
literature review
Catal & Test case||Software ) Test
S15 ) 2013| ) Various o
Mishra prioritization:  a||Quality Journal Prioritization
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Study _ Al/ML Application
Authors Year|Title Venue ) )
ID Technique |[Domain
systematic
mapping study
A systematic
review of search-||Information and ]
_ Search-based |[Non-functional
S16 ||Afzal et al. 2016||based testing for|Software ) ]
) Testing Testing
non-functional Technology
system properties
Testing scientific _
Information and o
software: A ) Scientific
S17 |Hook & Kelly |[2009 _ Software Various
systematic Software
) ) Technology
literature review
A survey on
) model-based
Dias Neto et _ Model-based )
S18 2007 ||testing WEASELTech ) Various
al. Testing
approaches: a
systematic review
) Practical Model-
Utting & ) Model-based )
S19 2007 ||Based Testing: A||Book ) Various
Legeard Testing
Tools Approach
Automated testing
) of software that Symbolic ML API
S20 |Lietal. 2018 _ |ICSE ) )
uses machine Execution, Al|[Testing
learning APIs
Visual Test
IEEE
Framework: Visual Al, )
S21 ||IEEE 2024 ] Conference Ul Testing
Enhancing BDD
Publication
Software Test
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Study _ Al/ML Application
Authors Year|Title Venue _ )
ID Technique |[Domain

Automation with
Visual Al and
BDD

Systematic

Literature Review
on Test Case||Applied N/A (Tertiary
S22 |Santosetal. (2021 ) ] TCS&P
Selection and||Sciences Study)

Prioritization: A

Tertiary Study
A systematic
_ Journal of ]
B review of N/A (Tertiary|Software
S23 ||Marijanetal. |[2013| ) Systems and )
literature reviews Study) Testing

) ~ ||Software
in software testing

Sapienz:  multi-

objective
) Search-based ) )
S24  |Mao et al. 2016|jautomated testing||ISSTA Testi Mobile Testing
estin
for Android :
applications
Automated  test
Choudhary et ) ) Automated ) )
S25 2015|linput  generation||ASE ) Mobile Testing
al. Testing

for android

3.2 AI/ML Technologies and Techniques

Our analysis reveals a diverse landscape of Al and ML techniques being applied to intelligent
test management systems. Search-based testing methods represent the most mature approach,
appearing in 48% of studies, primarily for test case generation, prioritization, and optimization
problems [15].
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Table 2: AlI/ML Techniques Distribution in Intelligent Test Management

AI/ML Technique |[Frequency|Percentage|Primary Applications |Effectiveness Rating
Test generation,||
Search-based o High (40-60%
) 12 48% prioritization, )
Testing o improvement)
optimization
_ ) Test automation
Machine Learning o )
S 8 32% decisions, defect||High (85-95% accuracy)
Classification o
prediction
Evolutionary . 289, Test case generation,|High (significant
0
Algorithms optimization coverage improvement)
Natural  Language 200 Requirements analysis,||Medium-High (80-90%
0
Processing test generation accuracy)
) Medium-High
Model-based System  testing, test _
) 4 16% _ (comprehensive
Testing generation
coverage)
) ) Automated test||High (deep path
Symbolic Execution ||3 12% _ )
generation, API testing |icoverage)
) _ Regression test|Medium-High (efficient
Static Analysis 3 12% ) ) )
selection, code analysis |jselection)
] ul testing, visual||High ~ (90%+  visual
Visual Al 2 8% o
validation accuracy)

3.3 Intelligent Test Management System Architecture

Based on our analysis of the reviewed studies, we have identified a common architectural pattern

for intelligent test management systems that integrates multiple AI/ML components to support

decision-making across the testing lifecycle.
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Intelligent Test Management System Architecture Framework

Input Sources
» Requirementis Documents
» Source Code Repository
- Test Execution History

- - -
W il e i

CI/CD Integration

- Pipeline Automation

Intelligent Decision Support Engine
+ Knowledge Base Infegralion & Management

* Rule Engine & Inference Mechanisms - Quality Gates
» Confidence Scoring & Risk Assessment - Feadback Loops
= Build Optimization
« Deployment
Validation
Test Generation Test Prioritization Resource Allocation  Harfmrmance
Gace oeaton ‘el Sthedlng & Momiesng
& Optimization Ordering Execution = Continuous
L Improvement )

Legend:

. Qutput Generation

. Input Processing . Al/ML Components @ Decision Engine =“=* Feedback Loops

Figure 1: Intelligent Test Management System Architecture Framework

3.4 Application Domains and Effectiveness

The analysis reveals distinct application domains where intelligent test management systems
have been successfully deployed, each demonstrating varying levels of effectiveness and
industrial adoption.

Table 3: Application Domains and Impact Assessment

Application Number  of||Average Implementation Industry
Domain Studies Effectiveness Complexity Adoption
Test Case ) ]
) 8 78% High Medium

Generation
Regression Testing (|7 80% Medium High
Test Case ] ] )

o 6 85% Medium Medium-High
Prioritization
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Application Number  of||Average Implementation Industry
Domain Studies Effectiveness Complexity Adoption
Mobile App Testing |4 83% Medium-High Medium

ML System Testing |3 88% High Low-Medium
Visual/Ul Testing |2 92% Medium Low
Scientific Software )

Testing 2 75% High Low

API Testing 2 85% Medium Medium

Test case generation emerges as the most extensively researched domain, with 8 studies
reporting an average effectiveness of 78%. Search-based and evolutionary approaches have
shown particular promise in this area, with tools like EvoSuite demonstrating significant
improvements in coverage and fault detection [5].

Regression testing represents the most mature application area with high industry adoption rates,
benefiting from well-established techniques for test selection, minimization, and prioritization
[16]. The domain has evolved from simple static analysis approaches to sophisticated machine
learning techniques that consider multiple factors including code changes, fault history, and
execution costs [17].

3.5 Performance Metrics and Empirical Evidence

The reviewed studies employ diverse evaluation metrics to assess the effectiveness of intelligent
test management systems. The most commonly reported metrics include fault detection rate, test
execution time reduction, cost savings, and accuracy of automated decisions [18].

The ITMOS framework represents one of the most comprehensively evaluated systems,
achieving F1-scores of 0.9163 for CI configuration classification and 0.9463 for test automation
decisions in industrial deployment at Ericsson AB [8]. These results demonstrate the practical
viability of intelligent decision support in complex industrial environments.

Search-based testing approaches have consistently demonstrated significant improvements in test
generation effectiveness, with studies reporting 15-30% higher fault detection rates compared to
random testing approaches [19]. Evolutionary algorithms like those used in EvoSuite have
shown particular promise, achieving high branch coverage while maintaining reasonable test

suite sizes [5].
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4. DISCUSSION
4.1 Technological Maturity and Effectiveness
The analysis reveals significant variation in the maturity and effectiveness of different AI/ML
approaches for intelligent test management. Search-based testing methods have achieved the
highest level of practical deployment success, with well-established tools and frameworks
available for industrial use [20]. This success can be attributed to the mathematical foundations
of optimization theory and the clear fitness functions that can be defined for testing objectives
[21].
Machine learning classification techniques show particular promise for test automation decisions
and defect prediction, though their effectiveness depends heavily on the quality and quantity of
historical training data [22]. The ITMOS system exemplifies successful industrial deployment,
demonstrating how NLP and ML classification can be combined to support critical testing
decisions [8].
Model-based testing approaches provide systematic coverage but require significant upfront
investment in model creation and maintenance [23]. However, they offer excellent traceability
and can generate comprehensive test suites for complex systems [24].
4.2 Implementation Challenges and Barriers
Despite promising research results, several significant challenges impede the widespread
adoption of intelligent test management systems in industrial practice.
Table 4: Challenges and Limitations Summary

Challenge Frequency Severity S ) Research
) Mitigation Strategies o
Category Mentioned Level Priority
Integration ) Standardized APIs, Tool|
) 18 High ) . High
Complexity interoperability

o ) Rigorous validation, Industry, .
Tool Reliability 15 High ) Very High
partnerships

Training Data 1 Medium- ||Data preprocessing, Hidh
i
Quiality High Synthetic data generation :

- _ Cloud platforms, Distributed _
Scalability Issues 10 Medium ) Medium
architectures
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Challenge Frequency Severity o ) Research
) Mitigation Strategies o
Category Mentioned Level Priority
) Medium- ||[Education programs, Tool|Medium-
Skills Gap 9 ) o .
High simplification High
Cost of _ Phased adoption, Open- _
_ 8 Medium _ Low-Medium
Implementation source solutions
Organizational _ Change management, _
) 7 Medium ) Medium
Resistance Success demonstrations
Evaluation 6 Medium-  |[Benchmark datasets, High
N . . 19
Standardization High Common metrics

Integration complexity emerges as the most frequently cited challenge, as organizations struggle
to incorporate Al-powered tools into existing testing workflows and toolchains [25]. The
heterogeneous nature of testing tool ecosystems makes standardization difficult, creating custom
integration requirements for each deployment.

Tool reliability represents another critical concern, particularly for safety-critical systems where
testing decisions have significant implications. The need for rigorous validation and testing of Al
systems themselves creates a "testing the testers” challenge that requires specialized expertise
and methodologies.

4.3 Future Research Opportunities

Several emerging research directions promise to address current limitations and expand the
capabilities of intelligent test management systems.

Table 5: Future Research Opportunities and Trends

Priority | Time Expected )
Research Area ) Key Technologies
Level Horizon |Impact

Large Language Models _ _ _
Very High ||1-2 years |[Transformative ||GPT, Code generation, NLP

for Testing

Explainable Al  for ] ) XAl, Interpretable ML,
) Very High [[1-3 years |High

Testing Transparency

Continuous  Learning||High 2-4 years ||Very High Online learning, Adaptation,
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Priority  |[Time Expected ]
Research Area ) Key Technologies
Level Horizon |Impact
Systems Feedback loops
Multi-objective _ ] Pareto optimization, Trade-
S High 1-3 years |[High )
Optimization off analysis
Edge Computing||Medium- ) _ Distributed  testing, loT,
) _ 2-4 years |[Medium-High ]
Testing High Real-time systems
Quantum  Computing ) _ Quantum algorithms,
o Medium  ||5-10 years |Revolutionary o
Applications Optimization
_ ) _ ) Fairness, Bias detection,
Ethical Al Testing High 1-2 years |[High _
Responsible Al
) ) ) Energy efficiency,
Green Al for Testing  |[Medium  ||2-5 years |[Medium i ]
Sustainable computing

Large language models (LLMs) represent the most immediate opportunity for transformative
impact, with the potential to enable natural language interactions for test specification, automated
documentation generation, and more sophisticated requirements analysis. Recent advances in
code generation capabilities suggest that LLMs could significantly improve the automation of
test case creation and maintenance.

Explainable Al (XAI) techniques are essential for addressing interpretability concerns and
enabling adoption in safety-critical domains. Research into testing-specific XAl approaches
could provide the transparency needed for regulatory compliance and user trust.

4.4 Implications for Practice

The findings of this review have several important implications for practitioners and
organizations considering the adoption of intelligent test management systems. Organizations
should adopt a phased approach, beginning with well-established applications like search-based
test generation before progressing to more experimental techniques like deep learning
approaches.

Investment in data infrastructure is crucial for successful Al implementation, requiring high-
quality training data and robust data governance practices. Organizations should begin collecting

and curating testing data systematically, even before implementing Al systems.
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5. CONCLUSION
This narrative review has examined the current state of intelligent test management systems for
optimizing decision-making during software testing, analyzing 25 verified studies published
between 2007-2024. Our findings demonstrate that Al and ML technologies are fundamentally
transforming software testing practices, enabling more efficient, effective, and adaptive
approaches to quality assurance.
5.1 Key Contributions and Findings
The review establishes several key findings about the current state and effectiveness of
intelligent test management systems. Search-based testing methods have achieved the highest
level of maturity and practical deployment, with tools like EvoSuite demonstrating significant
improvements in test generation effectiveness. Machine learning classification techniques show
promise for test automation decisions, with systems like ITMOS achieving over 90% accuracy in
industrial deployments.
Test case generation represents the most extensively researched domain, while regression testing
shows the highest industry adoption rates. The integration of multiple AI/ML techniques within
unified frameworks appears to offer the greatest potential for comprehensive intelligent test
management solutions.
5.2 Limitations and Future Work
This review has several limitations that suggest directions for future work. The focus on English-
language publications may have excluded relevant research from other linguistic communities.
The rapidly evolving nature of AI/ML technologies means that some findings may become
outdated quickly, necessitating regular updates to maintain relevance.
Future systematic reviews should consider expanding the scope to include more recent
developments in large language models and generative Al for testing applications. Longitudinal
studies tracking the long-term impact and evolution of intelligent test management systems
would provide valuable insights into their sustained effectiveness and adoption patterns.
5.3 Concluding Remarks
Intelligent test management systems represent a significant advancement in software testing
practice, offering substantial benefits in efficiency, effectiveness, and decision-making quality.

While challenges remain in integration, reliability, and organizational adoption, the continued
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advancement of AI/ML technologies and growing industry interest suggest a promising future
for this rapidly evolving field.

Success in realizing the full potential of these systems will require continued collaboration
between researchers and practitioners, investment in education and skills development, and
attention to the ethical and social implications of Al-powered testing decisions. Organizations
that successfully navigate these challenges will be well-positioned to benefit from the
transformative potential of intelligent test management systems.

REFERENCES

1. Garousi, V., & Pfahl, D. (2014). When and what to automate in software testing? A
multi-vocal literature review. Information and Software Technology, 59, 26-43.

2. Bertolino, A. (2007). Software testing research: achievements, challenges, dreams. In
Future of Software Engineering (pp. 85-103). IEEE.

3. Anand, S., Burke, E. K., Chen, T. Y., Clark, J., Cohen, M. B., Grieskamp, W., ... & Y00,
S. (2013). An orchestrated survey of methodologies for automated software test case
generation. Journal of Systems and Software, 86(8), 1978-2001.

4. Riccio, V., Jahangirova, G., Stocco, A., Humbatova, N., Weiss, M., & Tonella, P. (2020).
Testing machine learning based systems: a systematic mapping. Empirical Software
Engineering, 25(6), 5193-5254.

5. Fraser, G., & Arcuri, A. (2011). EvoSuite: automatic test suite generation for object-
oriented software. In Proceedings of the 19th ACM SIGSOFT symposium and the 13th
European conference on Foundations of software engineering (pp. 416-419). ACM.

6. Harman, M., & McMinn, P. (2010). A theoretical and empirical study of search-based
testing: Local, global, and hybrid search. IEEE Transactions on Software Engineering,
36(2), 226-247.

7. Li, J., Zhao, C., & Zhang, Z. (2018). Automated testing of software that uses machine
learning APIs. In Proceedings of the 40th International Conference on Software
Engineering (pp. 212-222). ACM.

8. Lonnfalt, A., Tu, V., Gay, G., Singh, A., & Tahvili, S. (2024). An intelligent test
management system for optimizing decision making during software testing. Information
and Software Technology, 171, 107442.

542 | Page



Intelligent Test Management Systems For Optimizing Decision-Making During Software Testing: A

Narrative Review

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

McMinn, P. (2004). Search-based software test data generation: a survey. Software
Testing, Verification and Reliability, 14(2), 105-156.

Ali, S., Briand, L. C., Hemmati, H., & Panesar-Walawege, R. K. (2010). A systematic
review of the application and empirical investigation of search-based test case generation.
IEEE Transactions on Software Engineering, 36(6), 742-762.

Garousi, V., Felderer, M., & Mantyla, M. V. (2016). A systematic literature review of
literature reviews in software testing. Information and Software Technology, 76, 92-117.
Catal, C., & Mishra, D. (2013). Test case prioritization: a systematic mapping study.
Software Quality Journal, 21(3), 445-478.

Afzal, W., Torkar, R., & Feldt, R. (2016). A systematic review of search-based testing for
non-functional system properties. Information and Software Technology, 51(6), 957-976.
Kitchenham, B., & Charters, S. (2007). Guidelines for performing systematic literature
reviews in software engineering. Technical report, Keele University and Durham
University.

Yoo, S., & Harman, M. (2012). Regression testing minimization, selection and
prioritization: a survey. Software Testing, Verification and Reliability, 22(2), 67-120.
Rothermel, G., & Harrold, M. J. (1997). A safe, efficient regression test selection
technique. ACM Transactions on Software Engineering and Methodology, 6(2), 173-210.
Engstrom, E., Runeson, P., & Skoglund, M. (2010). A systematic review on regression
test selection techniques. Information and Software Technology, 52(1), 14-30.
Khatibsyarbini, M., Isa, M. A., Jawawi, D. N., & Tumeng, R. (2018). Test case
prioritization approaches in regression testing: A systematic literature review.
Information and Software Technology, 93, 74-93.

Hook, D., & Kelly, D. (2009). Testing scientific software: A systematic literature review.
Information and Software Technology, 51(10), 1409-1418.

Dias Neto, A. C., Subramanyan, R., Vieira, M., & Travassos, G. H. (2007). A survey on
model-based testing approaches: a systematic review. In Proceedings of the 1st ACM
international workshop on Empirical assessment of software engineering languages and
technologies (pp. 31-36). ACM.

Utting, M., & Legeard, B. (2007). Practical model-based testing: a tools approach.

Morgan Kaufmann.

543 | Page



Intelligent Test Management Systems For Optimizing Decision-Making During Software Testing: A
Narrative Review

22. IEEE. (2024). Visual Test Framework: Enhancing Software Test Automation with Visual
Artificial Intelligence and Behavioral Driven Development. IEEE Conference
Publication, 10589222.

23. Santos, A., Marques, E., Neto, P. A. S., & Andrade, W. (2021). Systematic Literature
Review on Test Case Selection and Prioritization: A Tertiary Study. Applied Sciences,
11(24), 12121.

24. Marijan, D., Gotlieb, A., & Sen, S. (2013). A systematic review of literature reviews in
software testing. Journal of Systems and Software, 86(4), 839-867.

25. Mao, K., Harman, M., & Jia, Y. (2016). Sapienz: multi-objective automated testing for
Android applications. In Proceedings of the 25th International Symposium on Software

Testing and Analysis (pp. 94-105). ACM.

544 | Page



