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Abstract: The development of Artificial Intelligence (Al) technology, particularly Generative
Al and Large Language Models (LLM), has had a significant impact on the software
development process, including software testing activities. This study aims to conduct a
Systematic Literature Review (SLR) to identify and analyze various Generative Al-based
software testing frameworks applied in Agile development environments. The literature
search process was conducted in several major scientific databases, namely IEEE Xplore,
Scopus, ScienceDirect, SpringerLink, and Google Scholar with a publication period of 2021—
2026. Based on the selection process using the PRISMA method, 35 articles were obtained
that met the inclusion criteria. The analysis results show that most studies utilize Large
Language Models (LLM), machine learning, generative models, and retrieval-augmented
generation (RAG) techniques to support software test automation, such as test case
generation, unit testing automation, and behavior-driven development testing. In addition,
several studies also developed AI assistant and agentic Al-based frameworks that can be
integrated into Agile development pipelines. This study found that the use of Generative Al
can improve testing process efficiency, accelerate test case generation, and help improve
software quality. However, several challenges remain, such as limited model accuracy, the
need for high-quality datasets, and issues with the security and reliability of Al-based systems
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INTRODUCTION

The advancement of information technology demands that organizations produce
high-quality software in a short timeframe. To address this need, many organizations have
adopted the Agile Development Methodology, which emphasizes iterative, incremental
processes and adaptability to changing user needs. This approach has been shown to increase
flexibility and development speed, making it the dominant method in modern software
development (Schwaber & Sutherland, 2020; Dingseyr et al., 2022).

On the other hand, software testing plays a crucial role in ensuring system quality and
reliability. However, testing activities often require significant costs and effort, particularly in
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test case design, execution, and test result analysis (Garousi & Mintyld, 2022). This
challenge is further exacerbated in agile environments due to rapidly changing requirements
with each sprint iteration, requiring the testing process to be dynamically adaptable (Felderer
et al., 2023).

In practical agile development settings, these challenges can be observed within a
typical sprint cycle. For instance, in a two-week sprint, development teams are required to
deliver multiple features based on evolving user stories. Each feature must undergo thorough
testing within a limited timeframe to ensure quality before deployment. However, frequent
changes in requirements often render previously designed test cases obsolete, forcing testers
to continuously revise or recreate them. At the same time, testers are expected to perform test
case design, regression testing, and defect analysis simultaneously. This situation creates a
bottleneck, as manual testing processes demand substantial time and effort, potentially
causing delays in testing activities compared to development progress. Consequently, there is
an increased risk of undetected defects and compromised software quality. For example,
when implementing a new feature such as an online payment module, testers must account
for various scenarios, including valid and invalid transactions, edge cases, and security
considerations. In a dynamic agile environment, maintaining and updating such
comprehensive test cases manually becomes inefficient and prone to error.

As artificial intelligence advances, generative Al has emerged as a new approach with
the potential to improve efficiency in software engineering. This technology is capable of
automatically generating code, test cases, and other software artifacts. Several studies have
shown that large language models can help improve developer productivity and support
software testing activities, such as test scenario generation and bug analysis (Peng et al.,
2023; Sobania et al., 2023; Tufano et al., 2023).

However, the use of generative Al in software testing still faces limitations, such as
the need for output quality validation and challenges in integrating it into agile workflows
(Felderer et al., 2023). Furthermore, previous literature studies generally focus on the use of
Al in software engineering in general or on specific aspects, such as code generation or test
automation, without specifically discussing implementation models for generative Al in
software testing within agile environments. Several existing Systematic Literature Reviews
(SLRs) also fail to provide a comprehensive map of the integration of generative Al and agile
practices within the context of software testing (Garousi & Mintyld, 2022; Sobania et al.,
2023).

Based on this gap, this study aims to conduct a systematic literature review to
identify, analyze, and map generative Al implementation models in software testing within
the Agile Development Methodology. This research is expected to contribute to a more
structured understanding of the developments, opportunities, and challenges in implementing
generative Al in agile-based software testing processes.

METHOD
Research Design

This study uses the Systematic Literature Review (SLR) method to identify, evaluate,
and synthesize research related to the implementation of Generative Al in software testing
within an Agile development environment. The SLR method was chosen because it can
provide a comprehensive understanding of research developments in a field through a
systematic and replicable process.

Research Questions (RQ)

Based on the research objectives, the research questions used in this SLR are as
follows:
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RQ1: What are the Generative Al-based software testing frameworks or approaches used in
software development?

RQ2: What are the characteristics of a Generative Al-based software testing framework in an
Agile development environment?

RQ3: What are the advantages and limitations of each Generative Al-based software testing
framework?

RQ4: Which Generative Al framework is most effective in improving the quality and
efficiency of software testing in Agile development?

PICO Framework
To define the scope of the research and assist the literature search process, this study

uses the PICO (Population, Intervention, Comparison, Outcome) framework.
Table 1. PICO Framework

Component Description

Population (P) Software  testing in  Agile-based software
development

Intervention (I) Generative Al-based software testing framework or
method

Comparison (C) Traditional testing frameworks or other Al
frameworks

Outcome (O) Improved testing efficiency, test coverage, bug

detection, and software quality

The use of the PICO framework helps ensure that the literature search process focuses
on research relevant to the topic of generative Al in software testing in an agile development
environment.

Literature Search Strategy

The literature search process in this study was conducted systematically by utilizing
several major scientific databases widely used in the field of software engineering. The
databases used included IEEE Xplore, Scopus, ScienceDirect, SpringerLink, and Google
Scholar. These databases were selected based on their reputation and extensive publication
coverage in computer science and software engineering, enabling researchers to obtain
relevant and high-quality literature. Furthermore, the use of multiple databases aimed to
increase the completeness and reliability of the literature search results in this study. The
publication year range used in the literature search process was 2021 to 2026, with the aim of
ensuring that the analyzed studies represent the latest developments related to the application
of Generative Al in software testing, particularly in the context of agile-based software
development.

Search String
The search string is structured based on PICO components and keywords relevant to
the research topic. The search string used is:
("Generative A" OR "Large Language Model" OR "LLM") AND ("Software Testing"
OR "Test Automation" OR "Al-based testing") AND ("Agile" OR "Agile Development"
OR "DevOps") AND ("Framework" OR "Approach” OR "Method")
This search string is used in each database with syntax adjustments according to the
search system of each database.
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Inclusion and Exclusion Criteria

To ensure the quality and relevance of the analyzed literature, this study established
inclusion and exclusion criteria in the article selection process. Articles were included in the
study if they met several criteria: discussing the application of Generative Al or Al-based
testing in software testing, published between 2021 and 2026, published in a journal,
conference, or scientific proceeding, discussing Al frameworks or methods in software
testing, and available in English.

Conversely, articles will be excluded from the study if they do not discuss software
testing, do not use Artificial Intelligence or Generative Al approaches, are non-academic
publications such as editorials or blogs, are not available in full text, or are duplicates from
different databases. These criteria are intended to ensure that the literature used is relevant
and of high quality, consistent with the research focus.

Study Selection Process

The literature selection process in this study was conducted through several stages
referring to the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) guidelines to ensure transparency and reproducibility of the research. The first
stage is identification, which identifies articles obtained from various databases using a
predetermined search string. Next, in the screening stage, duplicate articles are removed and
an initial selection is conducted based on the title and abstract to assess their suitability to the
research topic. The next stage is eligibility, which involves a full-text review of articles that
pass the screening stage to ensure they comply with the inclusion and exclusion criteria.
Finally, in the included studies stage, articles that meet all criteria are included in the further
analysis process in this study.

Data Extraction

Data from each selected article was then collected through a data extraction process to
obtain information relevant to the research objectives. The extracted information included
several key elements: the author(s) to identify the study source, the year of publication to
assess the research's development over time, and the Al testing framework used in the study.
Furthermore, the study also recorded the type of testing used, such asunit testing, integration
testing, or end-to-end testing.

Furthermore, the data collected also includes the Al techniques used (Al technique),
for examplelarge language models (LLM), generative models, or reinforcement learningThis
study also identifies the level of integration with agile methodology, namely how the
framework is integrated into the agile-based development pipeline or process. Finally, each
article is analyzed based on its primary research contribution to understand the role and
innovation offered by each study in the development of a generative Al-based software
testing framework. The collected information is then used as a basis for the analysis and
comparison process between frameworks in the next stage.

Data Analysis

Data obtained from the literature were analyzed using qualitative synthesis and
comparative analysis methods to compare various generative Al-based software testing
frameworks. The analysis was conducted by grouping the frameworks based on several
aspects, including the Al approach used, the type of testing supported, integration with agile
development, and the framework's advantages and limitations. The results of this analysis
were then used to identify the most effective framework in supporting software testing in an
Agile development environment.
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RESULTS AND DISCUSSION

The literature search process was conducted through several scientific databases,
namely [EEE Xplore, Scopus, ScienceDirect, SpringerLink, and Google Scholar. Based on
the initial search process using predetermined keywords, a total of 1,188 articles were
obtained. Subsequently, the process of removing duplicate articles and screening based on
titles and abstracts was carried out, significantly reducing the number of remaining articles.
Articles that passed this stage then underwent a full-text review process using predetermined
inclusion and exclusion criteria. After all selection stages were completed, 35 articles were
obtained that met the criteria and were used in the analysis process in this study. The flow of

the literature selection process can be seen in the PRISMA diagram.
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Figure 1. PRISMA Diagram

Characteristics of Selected Studies
Table 2. Study Characteristics (n=35)

No Author Year Framework / Testing Al Agile Contribution
Approach Type Technique Integration
1 Yahaya et 2025 Pairwise Test  Test case Al-based Partial SLR on
al. Case generation optimization pairwise test
Generation case generation
Framework
2 Nett et al. 2025 Cypress Web testing  Generative Al Yes Al assistant for
Copilot /LLM web testing
automation
3 Ardic etal. 2025 Qualitative Software Al-assisted Partial Qualitative
Testing testing analysis testing method
Framework analysis mapping study
4 Ahmed et 2025 Al for Software Machine Yes Survey of Al
al. Software engineering  learning / Al developments
Engineering testing in SE
Framework
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No Author Year Framework/ Testing Al Agile Contribution
Approach Type Technique Integration
5 Pezze etal. 2025 Software Software Al-based Yes Roadmap
Engineering lifecycle approaches software
Roadmap engineering
2030
6 Dongetal. 2024 Self- Code LLM/ Partial Al
Collaboration  generation ChatGPT collaboration in
Code testing code generation
Generation
7 Langdon & 2025 Mutation- Mutation Evolutionary ~ No Mutation
Clark based Testing testing algorithm testing impact
analysis
8 Jang & 2025 NL-based Automated NLP / Al Partial Generation of
Kim Test Case testing test cases from
Generation requirements
9 Who et al. 2024 A/B Testing Experiment  Data analytics Partial Review metode
Framework testing /Al A/B testing
10  Martensson 2025 Industrial Unit testing ~ Empirical No Industry studies
Unit Testing analysis on unit testing
Study
11  Dakhel et 2024 LLM Test Test Large Yes Test generation
al. Generation generation Language using LLM
Framework Models
12  Barallaet 2024 GitHub Code testing  Generative Al ~ Yes Copilot
al. Copilot evaluation for
Testing debugging
13 Banhetal. 2025 Generative Software Generative Al Yes SE
AISE engineering transformation
Framework testing by generative
Al
14  Zhaoetal. 2025 LLM Software LLM Partial LLM
Application development application
Framework testing ecosystem
analysis
15 Usmanet 2025 Al Network Al/ML/ Partial Al integration
al. Integration system LLM in network
Framework testing systems
16  Sharma et 2024 ML for Code testing Machine Partial ML survey for
al. Source Code learning code analysis
Framework
17 Murillo et 2025 Quantum Software Al-assisted No Roadmap
al. Software system analysis software
Engineering testing engineering
quantum
18 Mojahedet 2025 ODACE- Mobile Automation Yes Automated
al. RMS Testing  testing framework Android testing
Platform platform
19  Durrani et 2025 Al Impact SE  Software Al analytics Partial Analysis of the
al. Framework lifecycle impact of Al on
SE
20  Mastropaol 2025 Al Software Software Al-assisted Partial SE evolution in
oetal. Evolution lifecycle analysis the Al era
Study testing
21 Krebs & 2025 LLM Code Code quality LLM Partial ISO based code
Mazumdar Analysis testing analysis
22 Ahlgrenet 2025 LLM Prompt  Software LLM Yes Prompt
al. Engineering development optimization for
Framework testing SE
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No Author Year Framework/ Testing Al Agile Contribution
Approach Type Technique Integration
23 Karpurapu 2024 BDD Acceptance  LLM Yes Automated
et al. Acceptance testing BDD test
Test formulation
Framework
24  Espositoet 2026 Generative Architecture  Generative Al Yes Al for software
al. Al testing architecture
Architecture
Framework
25  Torgbi 2026 Agentic Al Autonomous Al Agent Partial Autonomous Al
Agbemabie Framework system framework
se testing
26  Mishra & 2025 Retail System Al Agent Yes Al framework
Senapati Resilience testing for system
Engine reliability
27 Lano & 2024 Model Driven  Software Model-based  Partial Software
Siala Engineering transformati Al language
on testing translation
automation
28 Linetal. 2025 Open-source  Software Al/LLM Partial Analisis tools
Al SE Tools tool testing Al open source
29  Valdiviaet 2026 ISO/IEC Software Generative Al Yes Al integration
al. 29110 AI development with ISO
Framework testing standards
30 Abrahdoet 2025 Human-Al Software Al Yes Human and Al
al. SE lifecycle collaboration interaction
Framework
31 Walczaket 2026 Automated Unit testing  LLM Yes Automated unit
al. Unit Test test generation
Generation
32 Majdinasab 2025 Code Dataset  Code Machine No Model training
et al. Detection analysis learning data detection
testing
33 Jiangetal. 2024 Self-Planning  Code testing LLM Partial LLM for code
Code planning
Generation
34  Muttilloet 2025 Intelligent Software LLM Partial Al-based
al. Modeling modeling modeling
Assistant testing assistant
35 Sisomboon 2026 RAG-based Automated LLM +RAG  Yes Automatic test
et al. Test Case testing case generation
Generation
Discussion

RQ1: Generative Al-based Software Testing Framework / Approach
Based on the results of a Systematic Literature Review of 35 studies, it was found that
there are several main approaches in implementing Generative Al-based software testing,
namely Large Language Model (LLM)-based, Generative Al-based, Machine Learning
(ML)-based, and hybrid approaches that combine several techniques such as LLM with
Retrieval-Augmented Generation (RAG) or Agentic Al
LLM-based approaches are the most widely used in current research due to their
ability to understand the context of requirements and automatically generate test cases
(Dakhel et al., 2024; Walczak et al., 2026, Sisomboon et al., 2026). Furthermore, generative
Al is also widely used in test automation and debugging (Banh et al., 2025; Baralla et al.,
2024).
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Machine learning-based approaches are still used, particularly for code analysis and pattern
detection, although their use is not as widespread as LLM (Sharma et al., 2024; Majdinasab et
al., 2025). Meanwhile, hybrid approaches are emerging to improve testing accuracy and
effectiveness (Torgbi Agbemabiese, 2026; Mishra & Senapati, 2025).
Distribusi Al Techniques dalam
Software Testing berbasis Generative Al

=)
o8 i

L=arnin

Figure 1. Distribution of AI Techniques in Generative AI-based Software Testing

Figure 1 shows that the Large Language Model (LLM)-based approach is the most
dominant technique used in Generative Al-based software testing research. This dominance is
evident in the significantly higher number of studies compared to other approaches, such as
conventional Generative Al, Machine Learning, and hybrid approaches. The high use of
LLM is due to its ability to understand the context of requirements, automatically generate
test cases, and support efficient debugging and code analysis (Dakhel et al., 2024; Walczak et
al., 2026; Sisomboon et al., 2026). Furthermore, LLM is also able to adapt to the dynamic
needs of Agile development, so it is widely integrated into continuous testing and CI/CD
pipelines (Nettur et al., 2025; Valdivia et al., 2026).

Hybrid approaches come in second, demonstrating a trend toward combining various
techniques, such as LLM with RAG or Agentic Al, to improve the accuracy and relevance of
test results (Torgbi Agbemabiese, 2026; Mishra & Senapati, 2025). Meanwhile, Generative
Al and Machine Learning approaches remain in use, although they tend to be more limited to
specific applications, such as code analysis or specific automation (Sharma et al., 2024; Banh
et al., 2025). Overall, this distribution indicates a shift in research trends towards the use of
language-based models as the primary solution in software testing automation, particularly in
supporting efficiency, scalability, and adaptability in Agile development environments.

RQ2: Characteristics of Frameworks in Agile Development

The main characteristic of a Generative Al-based software testing framework in an
Agile development environment lies in its level of integration with the iterative and
continuous development process. Based on the analysis, this integration can be categorized
into three levels: fully integrated, partially integrated, and non-integrated. Most studies show
that frameworks support integration with Agile, either fully or partially. Fully integrated
frameworks can support continuous testing, automated test case generation, and integration
with CI/CD pipelines (Nettur et al., 2025; Dakhel et al., 2024; Valdivia et al., 2026).
However, some studies still show partial integration, generally limited to specific stages such
as test case generation or code analysis (Jang & Kim, 2025; Zhao et al., 2025). Furthermore,
there are also approaches that have not been integrated with Agile because they are still
conceptual or traditional (Langdon & Clark, 2025; Martensson, 2025).
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Table 2. Characteristics of Generative AI-Based Software Testing Frameworks in Agile Development”

Framework / Al Agile Focus Main Study
Approach Technique  Integration Testing Characteristics Example
Cypress Generative Yes (Full)  Web Testing Al assistant Nettur et al.,
Copilot Al/LLM automation 2025

testing, supports

Cl/CD
LLM Test LLM Yes (Full) Test Automated test Dakhel et al.,
Generation Generation ~ case generation 2024
Framework from

requirements,

Agile

integration
Generative Al Generative Yes (Full) Software Al-based SE Banh et al.,
SE Al Engineering transformation, 2025
Framework Testing supporting

Agile iterations
ISO/IEC Generative Yes (Full) Software Al integration Valdivia et
29110 Al Al Development  with ISO al., 2026
Framework Testing standards,

supports

continuous

testing
Al for Machine Yes (Full) Software Survey of AI Ahmed et al.,
Software Learning / Engineering  developments in 2025
Engineering Al Testing SE, adaptive to
Framework Agile
NL-based Test  NLP/AI Partial Automated  Test case Jang & Kim,
Case Testing generation from 2025
Generation requirements,

partial

integration with

Agile
Self- LLM/ Partial Code Al collaboration Dong et al.,
Collaboration ChatGPT Generation  in code 2024
Code Testing generation,
Generation limited  Agile

integration
Agentic Al Al Agent Partial Autonomous  Autonomous Al Torgbi
Framework System framework, Agbemabiese,

Testing supporting 2026

multiple Agile

iterations
Mutation- Evolutionary No Mutation Mutation testing Langdon &
based Testing Algorithm Testing impact analysis, Clark, 2025

not related to

Agile
Industrial Empirical No Unit Testing  Industry study Martensson,
Unit Testing Analysis on unit testing, 2025
Study non-Agile

Based on Table 2, it can be seen that the level of integration of Generative Al-based
software testing frameworks with Agile development varies, ranging from full to partial
integration, and some are still not integrated at all. Fully integrated frameworks (Yes), such
as Cypress Copilot (Nettur et al., 2025), LLM Test Generation Framework (Dakhel et al.,
2024), and Generative Al SE Framework (Banh et al., 2025), are capable of supporting end-
to-end testing automation, integration into CI/CD pipelines, and the continuous testing
process that is at the heart of Agile development. This approach demonstrates that the use of
Generative Al not only improves the efficiency of test case generation but also ensures
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testing proceeds iteratively according to Agile sprints (Valdivia et al., 2026; Abrahao et al.,
2025).

Meanwhile, some frameworks only have partial integration, for example NL-based
Test Case Generation (Jang & Kim, 2025), Self-Collaboration Code Generation (Dong et al.,
2024), and the Agentic Al Framework (Torgbi Agbemabiese, 2026). These frameworks
support some aspects of Agile, such as test case generation or Al collaboration in coding, but
are not yet fully integrated throughout the development cycle, so their use is still limited to
certain stages. This shows that although Generative Al has great potential, full
implementation in an Agile environment requires infrastructure and workflow adjustments
(Ahmed et al., 2025; Zhao et al., 2025). On the other hand, there are several frameworks that
are not integrated with Agile (No), such as Mutation-based Testing (Langdon & Clark, 2025)
and Industrial Unit Testing Study (Maértensson, 2025). These frameworks are generally
conceptual or empirical in nature and focus more on traditional testing methods, thus not
supporting the rapid iteration and continuous testing that are characteristic of Agile. Overall,
this distribution of characteristics indicates a growing trend of Generative Al integration into
Agile practices, particularly for LLM-based frameworks and pure Generative Al. Hybrid
frameworks are also emerging to improve testing flexibility and accuracy, despite their higher
implementation complexity (Torgbi Agbemabiese, 2026; Mishra & Senapati, 2025). This
confirms that adopting Generative Al in Agile development not only accelerates the testing
process but also requires thoughtful workflow design and sprint management for maximum
effectiveness.

RQ3: Strengths and Limitations of the Framework

The analysis shows that each approach has distinct advantages and limitations. LLM-
based frameworks and Generative Al offer a high degree of automation, particularly in test
case generation and debugging (Walczak et al., 2026; Baralla et al., 2024). Furthermore,
these approaches are adaptable to dynamic requirements changes in Agile development
(Banh et al., 2025). However, the main limitation of this approach is its dependence on the
quality of input (prompt) and the potential for hallucinations which can produce less accurate
output (Krebs & Mazumdar, 2025; Ahlgren et al., 2025). On the other hand, machine
learning-based approaches tend to be more stable and structured in analysis, but less flexible
in dealing with rapid changes (Sharma et al., 2024). Hybrid approaches offer solutions by
combining the advantages of various techniques, although implementation complexity poses
challenges (Torgbi Agbemabiese, 2026).

Table 3. Summary of Strengths and Limitations of the Framework

Al Advantages Limitations Study Example
Technique
LLM High automation, Sensitive to  prompt Dakhel et al., 2024; Walczak
adaptive to Agile quality, risk of et al., 2026; Sisomboon et
hallucination al., 2026
Generative Al  Efficient, speeds up Output is not always Banh et al., 2025; Baralla et
testing accurate, requires a al., 2024
mature workflow
Machine Stable, suitable for Less flexible, limited Sharma et al, 2024
Learning code analysis Agile integration Majdinasab et al., 2025
Hybrid / High accuracy, High implementation Torgbi  Lifeless,  2026;
Multi-Al adaptive complexity Mishra & Senapati,

Based on Table 3, it can be seen that each type of Al in the software testing
framework has its own advantages and limitations.
LLM-based frameworks demonstrate dominance in automating test case generation and
debugging processes, and are highly adaptable to changing requirements in Agile
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development (Dakhel et al., 2024; Walczak et al., 2026; Sisomboon et al., 2026). This makes
LLM a prime choice for teams seeking to improve testing efficiency and flexibility. However,
reliance on prompt quality and the risk of hallucinations remain key limitations, which can
impact the accuracy of testing results (Krebs & Mazumdar, 2025; Ahlgren et al., 2025). Pure
Generative Al approaches also provide significant efficiencies in testing automation and
support rapid iteration in Agile development (Banh et al., 2025; Baralla et al., 2024).
However, the resulting output is not always consistent, and its implementation requires a well-
developed workflow for optimal Agile integration.

Machine learning-based frameworks are more stable and suitable for code analysis or
specific pattern detection (Sharma et al., 2024; Majdinasab et al., 2025). However, their
flexibility is limited when dealing with rapidly changing requirements, so integration with
Agile processes is often partial. Meanwhile, hybrid or multi-Al frameworks like the Agentic
Al Framework combine the advantages of various Al techniques, improving the accuracy and
relevance of testing in an Agile context (Torgbi Agbemabiese, 2026; Mishra & Senapati,
2025). These advantages make hybrid frameworks a potential solution for teams looking to
maximize testing quality. However, implementation complexity poses a major challenge,
both technically and in terms of workflow management. Overall, this distribution of
advantages and limitations underscores the trend toward using LLM and Generative Al as the
primary frameworks for automated software testing in Agile development, while ML and
hybrid frameworks are used for specific cases requiring stability or a combination of Al's
advantages. This also emphasizes the importance of adapting workflows, data quality, and
engineering prompts for optimal framework implementation (Nettur et al., 2025; Valdivia et
al., 2026).

RQ4: The Most Effective Framework

Based on the results of literature analysis, Large Language Model (LLM) and
Generative Al-based frameworks are the most effective approaches in improving the quality
and efficiency of software testing in Agile development. This dominance is demonstrated not
only by their high frequency of use in various studies but also by their significant
contribution in supporting comprehensive test automation, from the planning stage to test
execution (Dakhel et al., 2024; Sisomboon et al., 2026; Walczak et al., 2026). More
specifically, this framework can increase efficiency by automating test case generation,
which previously required significant time and resources when done manually. Furthermore,
LLM's ability to understand the context of requirements enables the creation of more relevant
and comprehensive test scenarios. During the execution phase, Generative Al also plays a
role in accelerating the debugging and error analysis process, allowing for faster
improvement cycles in each Agile sprint (Nettur et al., 2025; Valdivia et al., 2026). Another
advantage is its ability to support continuous testing through integration with Agile pipelines
like CI/CD. This integration allows testing to be performed automatically whenever code
changes occur, continuously improving software quality. This aligns with Agile principles,
which emphasize rapid iteration and continuous feedback. Beyond efficiency, LLM and
Generative Al-based frameworks also demonstrate a high degree of adaptability to changing
requirements, a key characteristic of Agile development. This model can dynamically adjust
test cases based on changing user stories or system requirements, thereby reducing the need
for rework in the testing process.

However, the effective implementation of this framework is not without several
challenges. One key factor is the dependence on the quality of the prompts and input data,
which directly impacts the accuracy of the resulting output. Mistakes in prompt design can
lead to irrelevant or even misleading test results. Furthermore, there is a risk of hallucination
in the LLM model, which can produce output that does not reflect the actual system
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conditions (Ahlgren et al., 2025). Other factors influencing effectiveness are infrastructure
readiness and system integration. Generative Al implementation in an Agile environment
requires adequate technological support, including an integrated CI/CD pipeline and team
capability in managing Al-based workflows. Without such support, the framework's potential
benefits cannot be fully realized. Overall, while LLM and Generative Al-based frameworks
have demonstrated high effectiveness in improving the quality and efficiency of software
testing, their success depends heavily on implementation strategy, input quality, and
organizational readiness to adopt Al technology. Therefore, this approach requires not only
technical innovation but also process and management adjustments within an Agile
development environment.

CONCLUSION

This study conducted a Systematic Literature Review (SLR) of 35 articles discussing
the application of Generative Al in software testing within an Agile development
environment. The study results show that Artificial Intelligence technology, particularly
Large Language Models (LLM) and various generative models, have been utilized to support
the automation of software testing processes, such as automatic test case generation, code
analysis, and behavior-driven development-based testing. Furthermore, several studies have
developed frameworks and Al assistants that can be integrated into the software development
process to improve team efficiency and productivity.

The findings of this study indicate that the application of Generative Al has
significant potential to increase the speed and efficiency of the software testing process,
especially in Agile environments that demand rapid and adaptive development cycles.
However, the effectiveness of this technology still depends on model quality, data
availability, and human validation processes. Therefore, a hybrid approach between Al and
testers is still necessary to maintain system quality and reliability.

Practically, the results of this study can serve as a reference for software developers
and software testers in implementing Generative Al in the testing process. Generative Al can
be utilized to accelerate test case creation in each sprint, assist with bug identification, and
support regression testing automation. Nevertheless, practitioners are advised to continue
verifying Al-generated output and gradually integrating this technology into existing Agile
workflows. Furthermore, organizations need to establish evaluation and quality control
standards to ensure that the use of Al does not compromise software reliability and security.

Future Work

Based on the results of the Systematic Literature Review that has been conducted,
several opportunities for further research that can be developed are as follows:
1. Development of a standardized implementation model

Future research could develop a more structured and specific model or framework for
implementing generative Al in software testing for Agile Development environments. This
is important because most existing studies are still conceptual or limited to specific case
studies.

2. Empirical evaluation in real projects (real-world validation)

Most research is still conducted in experimental settings. Therefore, future research
needs to conduct empirical validation through direct implementation on agile software
projects to measure the effectiveness of generative Al on software quality, testing speed,
and cost efficiency.

3. Improving the quality and reliability of Al output

1541|Page


https://www.google.com/url?q=https://www.google.com/url?q%3Dhttps://jurnal.ranahresearch.com/index.php/R2J%26amp;sa%3DD%26amp;source%3Deditors%26amp;ust%3D1747188922234274%26amp;usg%3DAOvVaw0Fth4vGogibY_wlgJr8HVJ&sa=D&source=docs&ust=1747188922247688&usg=AOvVaw3TpnuUicA6bW0CDGTc48SF

https://jurnal.ranahresearch.com/index.php/R2J, Vol. 8, No. 3 (2026)

Further research is needed to improve the accuracy and consistency of generative Al
results, particularly in test case generation and bug detection. This includes developing
automated evaluation methods to minimize reliance on manual validation.

4. Integrating generative Al with DevOps and CI/CD tools

Further research could explore the integration of generative Al into DevOps pipelines,
such as continuous integration and continuous testing, to support end-to-end test
automation in agile environments.

5. A study on the impact on the role and competence of testers

The use of generative Al has the potential to transform the role of software testers.
Therefore, further research can examine how human competencies, skills, and roles in the
software testing process will change in the Al era.

6. Analysis of security and ethical aspects

Further research should also address the security risks, biases, and potential
vulnerabilities created by the use of generative Al in software testing, particularly in
critical systems.

7. Development of hybrid techniques (Human-AI Collaboration)

Future research can develop a collaborative approach between humans and Al in
software testing to maximize the advantages of both, resulting in a more optimal testing
process
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