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ABSTRACT

User Acceptance Testing (UAT) is crucial for verifying that software meets user requirements and
performs as expected in real-world scenarios. Traditional UAT methods, which rely on manual test
case creation and execution, are often inefficient and error-prone. Agile methodologies such as Scrum,
Kanban, and Extreme Programming (XP) enhance UAT by promoting iterative development,
continuous feedback, and flexibility. This review paper explores the integration of machine learning
models like XGBoost and Large Language Models (LLMSs) to automate and optimize UAT processes,
including test case generation, user feedback analysis, and defect management. Natural Language
Processing (NLP) further enhances these capabilities by converting textual data into actionable
insights. Additionally, advanced models such as reinforcement learning for dynamic test strategies and
federated learning for enhanced data privacy are proposed. These integrations aim to transform UAT,
ensuring higher efficiency, accuracy, and user satisfaction in software development.

Keywords: User Acceptance Testing (UAT), Agile methodologies, Machine learning, Natural
Language Processing (NLP), Scrum framework, Test case automation, Continuous feedback, Software
quality assurance

I. Introduction

User Acceptance Testing (UAT) is an integral part of the software development lifecycle, serving as a
critical bridge between the final stages of development and the release of software to the end-user. In
traditional settings, UAT verifies that the software meets the specified requirements and functions in
accordance with user expectations in real-world scenarios. However, with the increasing complexity
of software systems and accelerated product life cycles, traditional approaches to UAT often fall short.
These methods can be cumbersome, error-prone, and inefficient, struggling to keep pace with rapid
advancements in technology and evolving user expectations. In the realm of industrial engineering,
where efficiency and optimization govern the methodologies, there is a pressing need to refine UAT
processes. This refinement involves embracing automation and integrating Agile practices to enhance
flexibility, responsiveness, and stakeholder involvement throughout the testing process. Agile
methodologies, with their iterative cycles and feedback loops, align well with modern industrial
engineering principles, focusing on continuous improvement and the efficient use of resources.
Moreover, as industries increasingly adopt digital solutions, the scope and complexity of UAT expand,
necessitating more sophisticated and agile testing strategies. The integration of Agile and ML not only
supports this need but also introduces a proactive approach to quality assurance. Agile methodologies,
with their emphasis on user involvement and iterative feedback, ensure that the testing process remains
closely aligned with user needs and expectations throughout the development cycle. Concurrently,
machine learning enhances this alignment by enabling predictive modelling and analytics, which can
foresee user acceptance challenges and guide the development process accordingly.

Additionally, the role of data in modern UAT cannot be understated. With the increasing availability
of user interaction data, machine learning algorithms provide invaluable insights by identifying
patterns and anomalies that might not be evident through conventional testing methods. This capability
allows for a more targeted approach to testing, focusing efforts where they are most needed and thereby
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enhancing efficiency. Integrating these data-driven insights with Agile practices enables a seamless
and adaptive testing process, further bridging the gap between technical solutions and user satisfaction.
This paper seeks to explore how integrating Agile frameworks and machine learning within UAT can
address the existing challenges by making the process more dynamic and efficient. By examining
current methodologies, analyzing relevant literature, and proposing innovative, technology-driven
models, this review aims to provide a comprehensive overview of how these integrations can lead to
significant improvements in software testing. The goal is to enhance the alignment of UAT processes
with the principles of industrial engineering, focusing on system optimization, waste reduction, and
ultimately, higher-quality software delivery.

In summarizing the state of UAT, this paper will delve into the specific benefits of adopting these
modern methodologies and technologies. It will discuss how Agile practices facilitate better
communication and quicker response to change, and how machine learning algorithms can
preemptively identify issues, thereby reducing the occurrence of defects and enhancing overall
process.
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I1. Existing Methodology

User Acceptance Testing (UAT) is a critical phase in the software development lifecycle, traditionally
involving manual tests where end-users or proxies execute test scenarios to validate the software
against user requirements. This process ensures that the software functions as intended in real-world
scenarios before its release.

In traditional setups, UAT relies on detailed test cases derived from user stories or business
requirement documents. These test cases guide testers through a series of steps to verify functionalities
and record their findings, often using tools like spreadsheets or dedicated UAT software platforms
such as HP ALM, TestRail, or Zephyr.

While these tools represent a step towards more structured UAT processes, they are often limited by
their static nature. The test cases, once created, require significant manual intervention to update and
adapt to changes in the software's functionality or design. This adaptation is crucial in agile
development environments where software updates are frequent and iterative.

Additionally, while these tools help organize and manage test cases, they do not fundamentally change
the manual nature of test execution. Testers must still manually perform tests and enter results, which
continues to introduce the possibility for human error and inconsistencies in data entry and
interpretation.

Despite its critical role, traditional UAT is fraught with challenges primarily due to its manual nature.
Manual testing processes are time-consuming and subject to human error, as they depend heavily on
the testers' ability to perform and interpret tests accurately. The creation of test cases is itself a
meticulous process that can vary significantly with the tester’s understanding and experience. This
variation can lead to inconsistencies in test execution and potential gaps in the software’s functionality
being tested. Moreover, the manual compilation and analysis of results slows down the feedback loop
to developers, potentially delaying the project timelines.

To address some of these efficiency issues, many organizations have integrated basic automation tools
that help manage and execute test cases. Tools like Selenium or QTP are commonly used for
automating functional tests, though their use in UAT-specific scenarios can be limited without
extensive customization. For management and tracking, UAT tools are employed to organize test
cases, manage execution, and record outcomes, providing a central repository that aids in maintaining
consistency across the testing process. However, these tools often fall short in automating the more
nuanced aspects of UAT, such as evaluating user experience and handling complex user interactions,
which remain largely manual and subjective tasks.

However, the complexity of modern software systems poses significant challenges to manual and
semi-automated UAT methodologies. As applications become more integrated and reliant on real-time
data flows, traditional testing strategies struggle to keep up with the need for comprehensive and
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flexible testing approaches. This complexity necessitates a more robust integration of advanced
technologies like machine learning, which can predict potential failure points and optimize test
coverage dynamically.

The scalability of UAT processes is another area of concern. Scaling manual testing strategies to match
the pace of agile development cycles or larger project scopes often requires proportional increases in
resources. This scaling is not always feasible and can lead to increased costs and inefficiencies. Thus,
there is a pressing need for more sophisticated solutions that can adapt quickly to changing
requirements and ensure thorough coverage without compromising on speed or accuracy.

I1l1.  Literature review

The landscape of User Acceptance Testing (UAT) is evolving rapidly, shaped by advances in Agile
methodologies and machine learning technologies. The integration of Agile practices in UAT
processes is well-articulated in the study by Pallavi Pandit and Swati Tahiliani, which introduces
"AgileUAT," a framework that utilizes user stories and acceptance criteria to generate comprehensive
test cases. This approach ensures that all software functionalities are tested against the actual user
requirements, enhancing the efficacy and relevance of the tests.

Further automation in UAT is explored through the innovative use of large language models (LLMs)
as discussed in "XUAT-Copilot: Multi-Agent Collaborative System for Automated User Acceptance
Testing." This paper illustrates how LLMs can automate the generation and execution of test cases,
employing techniques like zero-shot learning to manage complex testing environments efficiently,
marking a significant step toward intelligent testing systems.

XUAT System
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Fig 1: XUAT system
The utilisation of data analytics tools in enhancing UAT is exemplified in "Research Data Analysis
with Power BI," where the capabilities of Power Bl to manage and visualize large datasets streamline
the testing process. This tool allows for quicker analysis and decision-making, demonstrating the
critical role of data visualization in modern UAT frameworks.
Early testing and its impact on user acceptance are highlighted by Fred D. Davis and Vishwanath
Venkatesh in their study on preprototype UAT. Their research supports the notion that early user
feedback can effectively guide the development process, ensuring that the final product aligns more
closely with user expectations.
However, the transition to fully automated systems is not without challenges. "An Ambidextrous
Approach to User Acceptance Testing Management and Automation™ by Anton Edin and Mariam
Qorbanzada critiques these systems, pointing out the low ROl and the difficulties in managing complex
user interactions, advocating for a more balanced approach that combines manual and automated
processes.
Efficiency in test case generation is critically addressed by Chunhui Wang et al. through an innovative
NLP-based approach, which significantly streamlines the process by automating the extraction and
conversion of use case specifications into testable scenarios. This method not only reduces the time
and manual effort traditionally involved in preparing test cases but also enhances the accuracy and
relevance of these cases to the actual software requirements. By leveraging natural language
processing, the system can interpret detailed use case documents to generate comprehensive and
precise test scenarios. This ensures a higher level of test coverage and adherence to user expectations,
crucial for successful User Acceptance Testing. Furthermore, this automated generation of test cases
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facilitates quicker adaptation to changes in software specifications, maintaining the agility required in
modern software development environments.

Real-world applications and user experiences with emerging technologies such as Robo-taxis are
examined in "The Effect of Robo-taxi User Experience on User Acceptance,” where the researchers
use field data to analyse how safety perceptions and service satisfaction influence user acceptance.
This study underscores the importance of user-centered metrics in evaluating new technologies.
Inline testing methods, which integrate tests within the codebase, are proposed by Yu Liu et al. in
"Inline Tests." This approach enhances fault detection capabilities directly during the coding process,
fostering more immediate and effective error resolution.

Simulation-driven testing tools such as ALPACAS, as explored in the study by Shreshth Tuli et al.,
represent a significant advancement in the field of User Acceptance Testing by enhancing the
automation of test case generation and oracle inference. This methodology leverages sophisticated
simulation technologies to model and replicate complex user interactions, which allows for the creation
of highly realistic and relevant test scenarios. By simulating real-world user behaviors and system
responses, ALPACAS ensures that the test cases not only thoroughly evaluate the software’s functional
requirements but also its performance under varied usage conditions. This approach significantly
improves the accuracy of the tests by reducing the discrepancies between simulated tests and actual
user experiences.

Furthermore, the use of simulations helps in dynamically generating test oracles, which are systems
that determine the correctness of the software outputs. By automatically inferring these oracles based
on the simulated interactions, the tool streamlines the testing process, speeds up the feedback loop,
and enhances the overall effectiveness of the testing phase. This capability is particularly valuable in
agile development environments where rapid iteration and quick responses to change are critical. By
integrating such simulation-driven testing tools, teams can achieve higher quality assurance standards
and more reliable software deliveries.

Yavuz Koroglu and Alper Sen explore the application of reinforcement learning to enhance test case
generation for Android GUI applications. Their research demonstrates how integrating formal
specifications with learning algorithms can significantly improve test coverage and efficiency. This
method allows the system to adapt and refine test scenarios continuously, ensuring comprehensive
coverage and alignment with rapid development cycles typical in mobile software environments. This
approach not only speeds up the testing process but also increases its accuracy, supporting higher
quality outcomes for Android applications.

The integration of Al in continuous testing frameworks is elaborated upon in "TestLab: An Intelligent
Automated Software Testing Framework," which advocates for continuous testing to enhance software
quality throughout the development lifecycle.

TestLab Framework
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Fig 2: TestLab architecture
Adaptive automation in software testing, which uses machine learning to adjust to changes in the
application, is discussed by Rajesh Mathur et al. in "Adaptive Automation.” This approach reduces the
maintenance burden and enhances the reliability of automated testing tools.
Privacy concerns in UAT are addressed through federated learning in "Federated Learning of User
Authentication Models,” which presents a method that enhances data security while benefiting from
collective insights.
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Diptikalyan Saha et al. address the challenge of testing black-box machine learning models by
proposing the generation of synthetic data that mimics real-world scenarios. This method facilitates
effective validation by providing diverse datasets that enhance the models' reliability and performance
across varied conditions, while also ensuring compliance with privacy regulations. The synthetic data
approach not only helps identify unforeseen model behaviors but also supports a more robust
development process for machine learning systems.

Lastly, the potential of Large Language Models in test script generation is explored by Shengcheng
Yu et al. in their study, highlighting the adaptability of LLMs to various operating systems and device
configurations, which streamlines the testing processes across different platforms. Their research
demonstrates how LLMs can automatically generate high-quality test scripts that are not only accurate
but also tailored to the specific requirements of different software environments. This capability
significantly reduces the manual effort involved in script creation and maintenance, enabling faster
and more efficient testing cycles. Furthermore, the flexibility of LLMs to understand and interpret
complex programming contexts and user scenarios enhances their utility in creating robust test scripts
that improve the overall quality and reliability of software applications.

IV.  Proposed models and techniques

Scrum is an Agile framework designed to manage and improve workflows, commonly used in software
development and other iterative and incremental environments. It organizes work into Sprints, which
are fixed duration cycles, typically lasting two to four weeks, where teams focus on delivering specific
product increments. The Scrum framework is built around three fundamental roles: the Product Owner,
who is responsible for defining project goals and prioritizing tasks; the Scrum Master, who facilitates
the process and helps the team remain unblocked and focused; and the Development Team, which
handles the tasks of creating the product.

The process begins with Sprint Planning, where the team selects tasks from the Product Backlog—a
prioritized list of work to be done—forming the Sprint Backlog. Throughout the Sprint, the
Development Team works on tasks from the Sprint Backlog, aiming to complete them by the end of
the Sprint. Daily Scrums, which are short stand-up meetings, provide a forum for team members to
share progress, discuss challenges, and plan the day's work, ensuring that everyone is aligned and
aware of potential impediments.

As the Sprint concludes, the team presents the completed work during the Sprint Review to
stakeholders, gathering feedback that may influence the next cycle of planning. This is followed by a
Sprint Retrospective, a meeting where the team reflects on the past Sprint and identifies improvements
for future Sprints. This continuous cycle of planning, execution, review, and adaptation fosters a
dynamic work environment where teams learn from each iteration and progressively enhance their
workflow and the product.

Incorporating Scrum into project management not only facilitates better resource management and
higher-quality outputs but also ensures that projects remain flexible to changing requirements,
enhancing overall team productivity and stakeholder satisfaction.

A. The Kanban system

The Kanban System, a popular Agile methodology, offers a distinct approach to managing workflows,
especially beneficial in environments that demand flexibility and continuous improvement. Originated
from the Japanese manufacturing sector, Kanban has been adapted into the realm of software
development and other fields to enhance efficiency and responsiveness.

At its core, Kanban facilitates project management by visualizing work; it typically uses cards and
boards (either physical or digital) to display tasks at various stages of the workflow. This visualization
makes it easier for teams to understand the flow of work and identify any bootlicking in real time. By
mapping out tasks visually, team members can see the progress of each component of the project from
start to finish, enhancing transparency and collective understanding of work dynamics.
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Kanban also emphasizes the importance of limiting work in progress (WIP). By enforcing WIP limits,
Kanban encourages teams to complete current tasks before taking new ones. This focus on finishing
existing work before starting new tasks helps reduce the buildup of unfinished work, thereby
streamlining the flow of tasks and reducing cycle times. Limiting WIP is crucial in maintaining a
sustainable workflow that maximizes productivity without overwhelming the team.

Furthermore, Kanban promotes the concept of pulling work as capacity permits, rather than having
work pushed onto the team regardless of their current capacity. This method ensures that the team
works efficiently within its limits and that each task is given the attention it requires. It’s particularly
useful in managing User Acceptance Testing (UAT) processes within fast-moving project
environments where priorities can shift quickly and resources need to be reallocated efficiently.

In summary, the Kanban System is instrumental in fostering a culture of continuous improvement and
efficiency. Its principles of visual management, limiting work in progress, and pulling work as capacity
allows, make it an ideal choice for teams looking to enhance their workflow and adapt quickly to
changing project demands. This methodology not only streamlines project management but also
significantly boosts productivity and team morale.

B. Extreme Programming (XP)

Extreme Programming (XP) is an Agile software development methodology that is designed to
enhance project quality and adaptability to ever-changing customer requirements. Developed to
address the specific needs of software development projects managed within a volatile environment,
XP emphasizes frequent iterations, continuous feedback, and high levels of communication. By
focusing on customer satisfaction as its core objective, XP seeks to deliver software that perfectly
aligns with client expectations, accommodating changes rapidly and efficiently.

Central to XP are its defining practices such as pair programming, test-driven development (TDD),
continuous integration, and simple design. Pair programming, where two programmers work together
at one workstation, ensures high-quality code and facilitates knowledge sharing within the team. Test-
driven development advocates writing tests before the actual code, which guides development and
enhances product reliability from the outset. Continuous integration promotes early detection of
integration issues by continuously merging all developers' working copies to a shared mainline several
times a day.

XP methodology also places significant emphasis on direct and ongoing customer involvement. A
dedicated customer representative is integral to the XP team, providing continuous insights and
feedback to guide the development process. This level of collaboration helps in fine-tuning the product
as per the customer's evolving requirements, ensuring that the final software is both high in quality
and comprehensive in functionality. The approach not only streamlines the development process but
also ensures that the team remains aligned with the customer's vision and business goals.
Furthermore, XP's flexible and responsive nature makes it ideally suited for projects where
requirements might change frequently and unpredictably. This adaptability is achieved through regular
and short release cycles, which allow the team to incorporate feedback and changes without disrupting
the project's flow. Each release follows a cycle of planning, testing, listening, and coding, enabling
continuous refinement and improvement. This iterative process ensures that the development team can
respond to changes in requirements swiftly and effectively, minimizing downtime and maximizing
efficiency.

C. Natural Language Processing (NLP)

Natural Language Processing (NLP) offers transformative potential in enhancing User Acceptance
Testing (UAT) by automating and improving various aspects of the testing process. One of the primary
applications of NLP in UAT is in the generation of test cases from user requirements. Traditionally,
creating test cases is a labour intensive task that involves manually interpreting detailed user
requirements and translating them into specific testing scenarios.
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NLP algorithms can automate this process by analysing requirement documents written in natural
language, extracting key information, and generating relevant test cases. This not only speeds up the
test creation process but also ensures that the generated test cases are comprehensive and aligned with
user expectations.

Another significant application of NLP in UAT is in the automation of test execution and result
analysis. NLP can be used to interpret user commands and interactions during testing sessions,
automatically verifying if the software responds correctly according to predefined requirements.

For example, NLP models can be trained to understand user feedback and translate it into actionable
insights, identifying discrepancies between expected and actual outcomes. This capability is
particularly useful in scenarios where user feedback is collected in free-form text, enabling more
efficient and accurate analysis of test results.

Moreover, NLP can enhance defect tracking and management within UAT processes. By analysing
bug reports and user feedback submitted in natural language, NLP tools can categorize and prioritize
issues based on their severity and impact. This helps in streamlining the defect management process,
ensuring that critical issues are addressed promptly.

Additionally, NLP can facilitate more effective communication between testers, developers, and
stakeholders by summarizing and translating technical jargon into easily understandable language,
thereby improving collaboration and reducing the risk of misunderstandings.

Lastly, NLP can be leveraged for continuous improvement in UAT by analysing historical test data
and user feedback to identify patterns and trends. This analysis can provide valuable insights into
recurring issues and areas of improvement, guiding future testing efforts and software development
practices. For instance, sentiment analysis can be applied to user feedback to gauge overall satisfaction
and identify common pain points, helping teams to focus on areas that require the most attention. By
integrating NLP into UAT processes, organizations can achieve higher efficiency, better test coverage,
and ultimately, more reliable and user-friendly software products.

Named Entity Recognition (NER)

P(EW) =TI, P(ei|lw;)

E is the sequence of entities, W is the sequence of words, and P(eilwi) is the probability of entity ei
given word wi.

Sentiment Analysis

P(ylz) = —
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Where P(ylx) is the probability of a sentiment y given features x, and £ are the regression coefficients.

Sequence-to-Sequence Models

hi = c(Whxy + Uphy—1 + by)

o = a(Wyhy + by,)
Where At is the hidden state at time ¢, xt is the input, o is the activation function, W and U are weight
matrices, and b is the bias.

D. Large Language Models (LLMs)

Large Language Models (LLMs) offer significant potential to revolutionize User Acceptance Testing
(UAT) by automating complex language tasks and providing more accurate interpretations of user
requirements. One of the primary applications of LLMs in UAT is in the automatic generation of test
cases from natural language requirements.
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Traditionally, testers manually translate user requirements into specific test scenarios, a process that is
both time-consuming and prone to errors. LLMSs, trained on vast datasets of text, can understand and
process natural language descriptions, generating detailed and relevant test cases that accurately reflect
the specified requirements. This automation ensures comprehensive coverage and consistency,
enhancing the efficiency of the testing process.

Moreover, LLMs can significantly improve the analysis and interpretation of user feedback during
UAT. In UAT, users often provide feedback in free-form text, describing their experiences and any
issues they encounter.

LLMs can analyse this feedback, identifying common themes and sentiments, and translating them
into actionable insights. By understanding the context and nuances of user feedback, LLMs can
categorize and prioritize issues based on their severity and impact on user experience. This capability
enables teams to address the most critical problems promptly, ensuring that the software meets user
expectations and delivers a high-quality experience.

Another critical application of LLMs in UAT is in the area of defect tracking and management. LLMs
can process and interpret detailed bug reports, summarizing and categorizing the information contained
within. This helps streamline the defect management process by providing clear and concise
descriptions of issues, reducing the time required for developers to understand and address them.
Additionally, LLMs can predict potential areas of concern based on historical data and trends,
proactively suggesting areas that may need more thorough testing or attention.

Lastly, LLMs can facilitate continuous improvement in UAT by analysing large volumes of historical
test data and identifying patterns and trends. This analysis can provide valuable insights into recurring
issues, test coverage gaps, and areas for process improvement. By learning from past testing cycles,
LLMs can help teams refine their testing strategies, ensuring more effective and efficient UAT
processes in future iterations. The ability of LLMs to handle and analyse complex language data makes
them an invaluable tool in modern UAT, driving better decision-making and higher-quality software
outcomes.

Transformer Model

Att.cntiOIl(Q- K, {) = softmax (‘5?—{: ) VvV

where Q (queries), K (keys), and V (values) are matrices derived from the input embeddings, and dk
is the dimension of the key vectors

Named Entity Recognition (NER)
P(E|W) = ;ux]n (Ef L Ule, wy) Ej JJ e, g j])

Z(W)

where E is the sequence of entities, W is the sequence of words, ¥ and ¢ are potential functions, and
Z(W) is the normalization factor.

Topic Modelling
_I'CE, ) K gai—1
P(6le) = qrggy izi
’ N K
P(w|B) = Hu_l Zl;\_l Pk, Ok
where 6 is the topic distribution, a and £ are Dirichlet priors, w is the word, and ¢ is the word
distribution for topics

V. Conclusion
In this review paper, we have explored the integration of Agile methodologies and machine learning
techniques to enhance User Acceptance Testing (UAT). Traditional UAT methodologies, while
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foundational, often struggle with the increasing complexity and rapid development cycles of modern
software projects. Agile frameworks such as Scrum, Kanban, and Extreme Programming (XP) offer
solutions by promoting flexibility, iterative development, and continuous feedback, aligning closely
with the dynamic nature of software development.

The incorporation of machine learning models, such as XGBoost and Large Language Models (LLMs),
further augments UAT by automating and refining various aspects of the testing process. XGBoost's
predictive capabilities help optimize test coverage and identify potential failure points, while LLMs
automate the generation of test cases, analyse user feedback, and streamline defect management. These
advanced technologies not only enhance the efficiency and accuracy of UAT but also ensure that the
software meets user expectations and delivers high-quality outcomes.

Natural Language Processing (NLP) techniques, particularly through the use of LLMs, transform
textual data into actionable insights. From generating test cases to interpreting user feedback and
managing defects, NLP models streamline the testing process and improve communication among
team members. This enables teams to respond quickly to changing requirements and maintain a high
standard of software quality.

Looking ahead, the future scope of integrating Agile methodologies and machine learning in UAT is
vast and promising. As software systems become increasingly complex, there is a growing need for
more advanced and adaptive testing frameworks. Future research could focus on developing
sophisticated algorithms for test case generation and execution, leveraging the latest advancements in
artificial intelligence and machine learning. One promising area is the use of reinforcement learning
to dynamically adapt test strategies based on real-time feedback and historical data, leading to more
efficient and effective testing processes, particularly in continuous integration/continuous deployment
(C1/CD) environments.

Further exploration of federated learning techniques could enhance data privacy and security in
distributed testing scenarios. Additionally, advanced NLP techniques for better interpretation and
analysis of user feedback, including sentiment analysis, topic modelling, and context-aware
understanding, could enable more precise identification of user needs and issues. Combining elements
from Scrum, Kanban, and XP with machine learning-driven insights could create hybrid models that
are even more effective at managing and optimizing UAT processes.

In conclusion, the integration of Agile methodologies and machine learning holds significant potential
for transforming UAT, making it more efficient, accurate, and responsive to user needs. Continued
research and innovation in this field will be essential to keep pace with the evolving demands of
software development, ensuring the delivery of high-quality software products that meet and exceed
user expectations. By embracing these advanced techniques, organizations can achieve higher levels
of productivity, quality, and user satisfaction in their software development processes.
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