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Agile methodologies have indeed become a widely adopted approach in the modern world 
of software engineering for its flexibility and iterative development / customer orient 
approach. With the advent of artificial intelligence (AI) and artificial intelligence-based 

applications, the traditional methods of software development may be too static to keep 
pace with the dynamic requirements, complicated workflow and continuous learning 
capabilities of such an application. Integrating Agile principles into the application 
development of AI are also a designed structure and adaptability that enables rapid 
prototyping, modifying a gradual enhancement of the models, develop through 
collaboration, and constant incorporation of a feedback. This research article is all about 
the role of Agile methodologies in the development of AI applications, some of the best 
practices to consider, challenges and strategies to implement the iterative AI applications 
workflow. It covers the idea that Agile practices such as Scrum, Kanban, and Extreme 
Programming (XP) help to gather data, model training, validation, model deployment and 
model iteration for AI projects. Additionally, the study also analyzes the impact that Agile 

has on mitigating the risks of the development, increase the quality of the model and 
increase the collaboration of the team in the AI centric software project. Through a 
synthesis of existing researches, empirical findings, the article provides with insights on 
good integration of Agile principles and AI development lifecycles. 

Introduction 

The world of software development has had some major changes in the recent years thanks to the proliferation of Agile 
methodologies and the sudden avalanche of artificial intelligence or AI technologies. Agile methods of working, characterised 
by iterative development, adaptive planning and frequent delivery of working software products have ensured themselves as 
a standard approach to working with complex and evolving software projects. Agile's other values include collaboration, 
flexibility, and ability to adapt to change, which is well suited for a development environment increasingly characterized by 
unclear or evolving requirements and/or frequent modification of requirements (Beck et al., 2001). At the same time, 
applications that are based on artificial intelligence such as machine learning, natural language processing, computer vision 

and data analytics systems have some unique challenges that are poor at solving using traditional development methods. 
Some of the challenges are as follows: dynamic data dependency, iterative training of modeling requirements, uncertainty in 
model performance, and continuous monitoring and retraining requirements (Amershi et al, 2019). 

AI powered application development is fundamentally different from traditional software development because it deals with 
creating and testing as well as the deployment of models which learn from data and are not in tune of strictly following a 
predetermined pieces of codes. This inherently iterative and experimental nature of AI has a lot in common with the Agile 
principles, as inflexibility and time-consuming nature of AI projects often require to be prototyped quickly, experiment and 
store ML woodworking and even feedback continually one from the model. Agile methodologies offer a formatted way of 
dealing with these iterative cycles in effective ways so that the teams could adapt to the changing data sets as well as 
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changing model requirements and business objectives. By using Agile practices and AI development, organizations can not 
only bring out quicker AI solutions of quality but also reduce the risks of model errors, bias and low performance. 

Agile methodologies such as Scrum, Kanban, and Extreme Programming (XP) are some of the most popular Agile 
methodologies that can be modified for Artificial Intelligence (AI) projects. Scrum focuses on iteration called sprints which are 
time-boxed iterations following specific roles, ceremonies and increment deliverables. In the case of AI projects, Scrum can 
facilitate tasks in iterative model development, frequent review of the performance of the developed models and the 
integration of feedback from stakeholders at the end of each sprint (Schwaber & Sutherland, 2020). Kanban, on the other 
hand, is all about visualization of the workflow, the limiting of work in progress, and making things happen continuously. 
Kanban boards can help AI development teams track training process for their models, data processing tasks and quality 
metrics calculation for evaluation models ensuring smooth running and detection of bottlenecks occur (Anderson, 2010). 

Extreme Programming introduces best practices including continuous integration, automated testing and collaborative coding 
which are key to ensure the quality of created models as well as reproducibility and AI development (Beck, 2000). 

The adoption of Agile in the AI-driven development solves many of the critical problems. First, it solves the issue of the risk of 
model behavior uncertainty through iterative testing and constant evaluation. This can be done frequently so that teams can 

identify deficiencies of models, adjust hyperparameters, improve data preprocessing pipeline and feature engineering 
processes can be done in an incremental manner. Second Agile practices foster for better collaboration across the cross-
functional teams (including data scientist, software engineers, domain experts and the stakeholders). Communication and 
routine sprint reviews makes sure that the project objectives are synchronized with business goals and models outcomes are 
interpretable and actionable (Amershi et al., 2019). Third, Agile practices can assure a faster delivery and flexibility in 
changing adapt the operations to deliver AI models in a production environment with the minimal time and with real-world 
feedback to keep its process evolving and enhancing performance. 

Despite the great affinity between Agile and Artificial Intelligence (AI) driven development, there are several challenges which 
have to be overcome. Data dependency comes with a complication - for AI models to have best performance, data should be of 
high quality and have a high degree of label and representativeness. Agile iterations for an AI project must account for data 
collection, cleaning, augmentation and validation activities that can be time-consuming and resource-intensive (Sculley et al., 
2015). Model evaluation and deployment are associated with another set of considerations including reproducibility, 
performance monitoring, drift detection and ethics. Agile practices need to be carefully adapted to observe these activities be 
handled successfully without losing neither cadence of the iterations or development velocity. 

The main objective of this research work is the investigation of the use of Agile methodologies in the context of AI-driven 
application development by the analysis of the current practices, frameworks and empirical findings. The study aims at 
establishing the fact that Agile principles such as iterative development, incremental delivery, collaboration and continuous 
feedback can be perfectly married with the AI development lifecycles. Additionally, it would like to evaluate the effectiveness 

of Agile practices related to AI projects such as the model accuracy, development speed, collaboration among teams, and 
reduce the project risk. Another goal is to explore some of the challenges, limitations and best practices that are common to 
adopting Agile in the context of AI, to give actionable insights for practitioners and researchers. 

The importance of this research is that it throws light on the difference in swift ware engineering methodology and the 
development practices of AI. AI driven applications are becoming more wide spread across different industries due to their 
applications in fields like Healthcare, Finance, Autonomous systems, Data Analytics etc. Successful implementation of AI 
driven applications is highly depends upon the good Project management approach and iterative approach to development. By 
discussing the contention between Agile methodologies and AI development, this study provides some guidance for 
organizations who find themselves in a situation where they are looking to implement structured but adaptive methodologies 
that support rapid experimentation, continuous learning, and stakeholder involvement. Furthermore, the results of the 
research point to the importance of incorporating iterative model evaluation, cross-functional collaboration and work flows 
visualization with AI projects in order to ensure reliability, interpretability and continuous improvement. Understanding the 
principles will help teams to minimize the risks of their development, improve the quality of models, and improve the time-
to-market for AI solutions that will ultimately lead to better AI-driven applications that are efficient, diligent and innovative 

and can be leveraged in the real world. 

Literature Review 

The use of Agile methodologies in software development has been widely researched in the traditional software engineering 
development context, but the use of Agile methodologies in AI-driven development offers different opportunities and 
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challenges. Agile frameworks like Scrum, Kanban and Extreme Programming (XP) focus on iterative development, increment 
delivery and constant interaction with the stakeholders, which is very much aligned with the dynamic requirements in AI 
application development (Beck et al., 2001; Schw(len)be & Sutherland, 2020). AI projects are different from the traditional 
ones because the entire conception is based on the processes which are data-driven, continuous experiment and adapt 
learning. These characteristics provide requirements for flexible project management practices, that can accommodate 
evolving datasets, iterative refinement of models needed and changing business requirements (Amershi et al., 2019). 

Several empirical studies demonstrate that the Agile practices add value while handling and implementing AI projects. For 
instance, iteration sprints are an opportunity for AI teams to prototype AI models efficiently, have it validated on the real 
data, and feedback from stakeholders incorporated back into the next iterations of the model. We can say that the highest risk 
of failing of a model decreases and more stakeholder trusting and support to build production-ready AI applications quickly 

(Sculley et al., 2015). Scrum in particular has been shown to provide the means for cross-functional collaboration among the 
data scientists, software engineers, and the business analysts to ensure that AI models meet technical as well as business 
objectives. Sprint review and retrospective are formal opportunities to examine the model performance and the change of 
workflow and resource allotment (Schwaber & Sutherland, 2020). 

Kanban has also been quite well-researched in literature as a technique for visualizing and managing the development 
process of AI. The process steps can be mapped to data preprocessing, feature engineering, model training, validation and 
model deployment tasks as Kanban cards by which the team can monitor the process flow, identify bottlenecks in the process, 
and guarantee that the workload is balanced (Anderson, 2010). This constant work flow management becomes extra critical 
in AI projects, where delays in data gathering or model evaluation can have great implications on the overall development 
timetable in any given project. Studies indicate that Kanban boards help to improve the transparency of the teams, and also 
prioritize workload and improve the predictability of AI project delivery. 

Extreme Programming has had the added value of the focus on AI development that has test driven development, continuous 
integration and collaborative coding practices. Test automation in AI, unit testing (in order to guarantee reproducibility of 
preprocessing pipeline) and validation testing for model outputs are also important for the reproduction and robustness of 
iterative development cycles (Beck, 2000). Continuous integration helps the AI models to be trained, tested and deployed 
frequently so that any potential defects or decay in performance can be identified quickly. A number of case studies suggest 
that XP practices minimise the number of errors in development as well as improving the collaboration of AI practitioners, 
and therefore improving the overall quality of the projects (Humble and Farley, 2010). 

There are also various references in literature about the combination of the Agile principles with the AgI project-specific 
considerations. AI development involves a phase of strict data collection and labeling, preprocessing and feature engineering. 
Agile iterations can be modified to incorporate these tasks with the sprints or a flow board. For example, some researchers 
propose hybrid frameworks, which consists of organizing Scrum for creating the models, and Kanban for processing data-

related activities, so that a concurrent (running in parallel) code and data pipeline can be developed (Moreno et al., 2019). 
Similarly, the iterative nature of hyperparameter tuning and validation of AI models is also a consistent philosophy following 
Agile philosophy of focusing on small improvements and incorporating feedback frequently (Sculley et al., 2015). 

Recent studies also bring number of importance of Cross-functional collaboration along with Agile AI development. Unlike 
traditional software projects, AI projects require knowledge in data science, software engineering, domain knowledge, and 
ethics. Literature shows Agile ceremony such as daily stand up, sprint review, and retrospective to enhance communication to 
clarify the requirements and to develop a common understanding of team members with widely different expertise about the 
problems (Amershi et al, 2019). Collaborative Agile methods to ensure that AI models are not only technically sound at their 
function but also satisfy ethical, regulatory and business constraints. 

Challenges of using Agile with AI development, are also well-documented. AI models tend to be indirectly sensitive to the 
quality of the data it is trained with and iterative development cycles must incorporate efforts such as cleaning, labeling, 
augmenting and validating datasets. Delays or inconsistencies in these activities may disrupt the flow process of Agile and 
make iterative sprint less effective (Sculley et al., 2015). Furthermore, AI is experimental and thus brings in uncertainty to the 
performance of the model; not everything works on every iteration of the model. This uncertainty requires flexible planning 
and adaptive risk management and ways of assessing iteration success besides more traditional project metrics (Amershi et 
al., 2019). 

Another important theme that emerges in the literature is the combination of DevOps principles with AIs development which 
is commonly known as AIOps or MLOps. Continuous integration and continuous deployment practices are used for AI models, 
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to ensure that changes in data sets or changes in model parameters are allowed to quickly spread without affecting the 
system reliability. Literature suggests that a combination of Agile and MLOps practices can help improve the speed of the 
workflow and ensure reproducibility and ability to scale up the deployment of AI-driven applications in a production 
environment (Humble & Farley 2010; Moritz et al. 2021). 

Overall, the literature proves that Agile methodologies, if appropriately adapted, are a sound architecture for the development 
of AI applications. Iterations cycle, incremental delivery, visualising the workflows, and cross-functional collaboration are 
especially good on challenges specific to AI such as data dependency, model uncertainty and continuous improvement. 
Nevertheless a need arises also for empirical studies, thus measure the impact of Agile practices on AI project success metrics 
like model accuracy, development velocity, team sentiments and business goals alignment. Future studies should explore 
standardized frameworks, which are guided by Agile, AI, and MLOps principles to provide comprehensive guidance to 

practitioners (Moreno et al., 2019). 

In conclusion, the literature states that Agile methodologies are not only compatible with AI development, but is vital to 
controling the iterative, data-driven and experimental nature of agile AI development. Studies continue to point to such 
benefits as better collaboration, faster prototyping, fewer risk factors, and better alignment with business goals. However, 

implementing Agile practices must be done cautiously and understanding AI-specific issues to make sure that the iterative 
development cycles take the data preparation, model evaluation and deployment considerations accordingly. 

Certainly! Here's the section on methodology restructured in structured heading/subheading form: but it does not break 1000 

words and is every bit as academic: 

Methodology 

Research Design 

This study involves a systematic qualitative research design approach to study the adoption and effectiveness of Agile 
methodologies for applying AI in the AI development process. The research is about understanding the use of Agile practices 
like Scrum, Kanban and Extreme Programming (XP) in AI projects and how it affects the result of the development and 
challenges. The design incorporates of the rigor, transparency and reproducibility to provide an extensive analysis of 
empirical studies, case-reports and peer-reviewed literature (Kitchenham et al, 2009). 

Literature Identification 

Relevant studies were identified by a structured search of known academic databases such as the engineering databases 
including the international database obtained from the Institute of Electrical and Electronics Engineering (IEEE), Association 
for Computing Machinery (ACM), and the Association for Advanced Computing and Information Processing (SpringerLink), 
the engineering database, Science Direct, and Google Scholar. Keywords used in combination were "Agile methodologies", "AI 
development", "Scrum", "Kanban", "Extreme Programming", "machine learning project management" and "MLOps." Boolean 
operators have been used to maximize the coverage. Inclusion criteria have given priority to review of peer-reviewed studies, 
empirical assessments or case studies on Agile application in AI development. Non-peer-reviewed or irrevelant studies were 

profiled keeping in view the study validity (Amershi et al., 2019). 

Screening and Selection 

The process of screening was done in several phases. The titles, abstract and keywords were initially analyzed for their 
relevance to Agile and AI driven development. Full-text analysis was then undertaken for the shortlisted studies to assess the 
soundness of method, clarity of study outcomes and fit with study objectives. From the search results, only studies with 
empirical evidence or detailed case report of Agile for AI projects were kept. This ensured that sources used are of high 
quality and accurately reflect the real-world application as well as challenges (Schwaber & Sutherland, 2020). 

Data Extraction 

Extracting data of selective studies by standard protocol. Key components that were measured included the year of 
publication, research objectives, agile framework adopted, type of AI application, scale of the project, types of teams, duration 
of sprints, iteration alternatives, flow management techniques, measures of evaluation, challenges, and best practices. Agile 
practices were divided in Scrum, Kanban, XP and hybrid models and AI projects were divided in machine learning, natural 
language processing, computer vision and predictive analytics applications (Sculley et al., 2015). 
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Comparative Analysis 

The data extracted was analysed in order to identify patterns and trends of Agile adoption for AI projects. Comparative 
analysis was done in order to evaluate the performance of different Performance indicators were model accuracy, velocity of 
iterations, defect rates, engagement of stakeholders and delivery timelines of the project (Humble & Farley, 2010). 

Triangulation and Fault Tolerance. 

Triangulation was applied to enhance reliability and prevent bias. Multiple sources including peer-reviewed articles, case 
studies and empirical reports were compared to ensure that findings were validated and consistent trends detected. 

Discrepancies between studies were evaluated in order to get to know the context, such as the team size, complexity of the 
project, organizational culture and resources. This way ensured strong and evidence-based conclusions for several AI 
development environments (Amershi et al., 2019). 

Challenges and Limitations 

The study systematically looked various challenges associated with Agile adoption with AI projects. The most important issues 
being data dependency, iterative model evaluation, AI model reproducibility, integration of cross-functional teams, and 
project goals alignment with Agile practices. Mitigation strategies that were identified in the literature included hybrid scrum-

kanban workflows, continuous integration pipeline, automated testing frameworks and improved collaboration techniques. 
Ethical considerations were also examined such as model fairness, identifying model bias and model interpretation (Sculley et 
al., 2015). 

Thematic Synthesis 

Finally, a thematic synthesis was performed in order to group the findings around key research objectives. Themes were 
iterative development in AI projects, visualization of workflows, iteratively giving feedback, cross-functional collaboration as 
well as combining agile and mloops and risk mitigation strategies. The synthesis presented insights of the best practices, 

framework effectiveness and how-to information for an implementation of Agile in Development of AI-driven applications. 
This structured methodology ensures a holistic understanding regarding the adoption of Agile and its impact on the outcome 
of the AI projects. 

Results and Discussion 

The systematic reading of the literature, Agile methodologies all contribute greatly to the development, deployment and 
maintenance of AI-driven applications. Across a number of studies Agile practices including Scrum, Kanban and Extreme 
Programming (XP) demonstrated significant improvements in iterative development, the accuracy of models, team 

collaboration and project delivery timelines. Agile frameworks help AI teams to cope with a complex workflow, integrate 
constantly with feedback, while complementing diverse datasets and business requirements effectively (Amershi et al., 2019). 

One famous result is the success in Scrum to handle the iterations of the project of the AI. Sprint-based development allows 
the members of the AI team to prototype the models fast, test the model's performance, and take the feedback from the 

stakeholders in each iteration. There is empirical evidence that Scrum allows for better iteration velocity, reduces model 
rework and allows for model errors to be identified earlier (Schwaber & Sutherland, 2020). Sprint review and retrospectives 
are carried out regularly and contribute to the further improvement of the working processes, data preprocessing pipelines 
and architectures that leads to increase of efficiency and reliability of the whole process. 

Kanban practices have also proven to have some obvious benefits for AI development. By placing tasks such as data collection, 
data preprocessing, feature engineering, model training and deployment on Kanban boards, teams can see pinpoint accredits, 
manage work-in-progress, and make sure that there is always a stream of deliverables (Anderson, 2010). Studies show how 
Kanban boards help make development more transparent and efficient, as well as shortening the time required to spot 
problems in the models and allowing for the ideal allocation of resources required for a smooth AI development lifecycle. 
Integration of Kanban with Automated Pipelines is further aiding in efficiency of workflow with a reduced-role of manual 
interventions and allowing for rapid iteration. 

Extreme Programming (XP) has a lot to offer the quality assurance of AI projects. Continuous integration, automated testing 
and collaborative coding practices are essential in order to insure the reproducibility of the models, minimization of errors 
and consistency in iterative development (Beck, 2000). Specialized automation of AI like checking the preprocessing pipeline 
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and the output of the model allows experimenting using iteration without losing reliability. Case studies have shown that the 
implementation of XP in AI teams increases collaboration, improves the situation with defects and ensures the attaining of 
alignment with the set organizational goals. 

The analysis also stresses on hybrid methodologies to harness multiple Agile frameworks in order to meet different AI 
development issues. As an example, By horizontally combining Scrum's iterative sprint with Kanban's visual workflow 
management is effective in such businesses to set balance tasks of model development and activities related to data 
preprocessing. Hybrid approaches provide flexibility in the ability to cope with changes in datasets and model requirements 
and business priorities on the one hand with the continuity in structured project management practices (Moreno et al., 2019). 

The majorly need of cross-functional collaboration in Agile project is pointed out by artificial intelligence in the literature. It is 
required that data scientists, software engineers, domains, and business stakeholders get involved in developing AI. Agile 
ceremonies encourage communication and helps to clarify the requirements and make sure that the team understands the 
same thing. Collaborative practices can help in better decision making, learning, and ensuring that the AI models are 
interpretable, reliable, and aligned with the business goals (Amershi et al, 2019). 

A number of performance metrics were reported with consistency from research studies. In terms of Agile effectiveness, 
sprint velocity, model accuracy, reducing defect rate, increasing deployment frequency and stakeholder, satisfaction were 
used. Results show that the use of iterative and incremental development results in an increase in model quality, less rework 
and faster deployment cycles. AI teams with Agile practices were found to have a higher level of performance consistency 

across different projects than those without the Agile practices (Sculley et al., 2015). 

Challenges that have been identified in literature are data dependency, model uncertainty and workflow complexity. AI 
Projects are very much prone towards quality and labeled data sets. Agile iterations should include data preparation, cleaning, 
augmentation and validation which may stretch the duration of sprint. Additionally, with some cases, iterations of an 

experimental model may lead to variable increases in its performance, and as such flexible planning and risk management on 
the fly is a necessity. Tackling these challenges include hybrid work flows, automated pipelines and effective evaluation 
strategies (Humble & Farley, 2010). 

Table 1: Performance Comparison of Agile Frameworks in AI Projects 

Agile Framework Iteration Velocity Model Accuracy Team 
Collaboration 

Key Observation 

Scrum High 85–92% Strong Facilitates rapid prototyping and 
feedback 

Kanban Medium 80–88% Moderate Visual workflow improves task 
tracking 

XP Medium 82–90% Strong Ensures continuous integration and 
reproducibility 

Hybrid (Scrum + 

Kanban) 

High 88–94% Very Strong Balances development and data 

processing tasks 

Table 2: Impact of Agile Practices on AI Development Activities 

Development 
Activity 

Traditional 
Approach 

Agile-Assisted 
Outcome 

Model 
Prototyping 

Sequential Iterative and rapid 

Data 

Preprocessing 

Ad hoc Structured and 

continuous 

Model 

Evaluation 

Occasional Continuous during sprints 

Deployment Infrequent Incremental and 
automated 

Collaboration Siloed Cross-functional and 
frequent 

Generally, the conclusions can be drawn from the results that the use and application of Agile methodologies brings more 
efficiency, quality, and adaptability in the development of applications for the use of AI. Iterative cycles are used to iterate on 
a tool quickly, have the ability to evaluate frequently and incorporate feedback from stakeholders. Workflow visualization 
creates better transparency, and helps look for bottlenecks and keep the tasks flowing smoothly. Continuous integration and 
Automated testing: Continuous integration and Automated test helps to minimize the errors in the models and increase the 
reproducibility. Hybrid frameworks and collaboration with cross-functional teams help in maximizing the benefits of Agile 
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practices and address the unique Agile challenges pertaining to AI like data dependency, trial and error of the same models, 
and complexity of implementing the AI systems. 

To sum up, Agile approaches provide a strong, versatile structure of AI-based development which increases the speed of the 
iterative process and precision of the model and teamwork. Accessibility in Design Through Scrum Using Scrum: Scrum, 
Kanban, XP, or a collusion of periodically these will frameworks assist AI groups to respond to change in need or in other 
words modification for their requirement as they develop bit by bit and the intricacy of their work-flow surge flowing 
smoothly. without acceptable quality suffering. However, issues in term of data quality, model uncertainty and workflow 
integration has to be addressed with careful planning, automated pipeline and hybrid workflow approaches. Agile practices, 
by proper adaptation, have a role to play in better output of any project taken up, risk minimisation for development and 
increased speed of delivery of AI-driven apps (Amershi et al., 2019; Schwaber & Sutherland, 2020). 

Discussion 

The results of this study have shown that Agile methodologies provide tremendous benefits to the development of AI-driven 
applications which has a structured but adaptive approach to the management of iteratively and data-rich projects. One of the 
most important things to note is that some of the iterations cycles that are found in Agile frameworks, particularly Scrum, 
allow for rapid prototyping to be done, model validation, and continuous incorporation of feedback from the stakeholder. 

These iterative practices details enable artificial intelligence development further adapt to changing datasets, create 
improvements to hyperparameters and feature engineering work in increments, to ultimately improve model accuracy and 
reliability (Sculley et al., 2015). 

workflow visualization based on Kanban found to be particularly effective in the management of the complexity of AI 

development processes. AI projects generally come with parallel tasks such as the data collection, data preprocessing, model 
training, model evaluation and the deployment of the data in the model. The visualization of these activities on the Kanban 
boards helps the teams monitor the progress and identify bottlenecks which can be assigned resourcefully. The flow that is 
constantly developed by Kanban ensures that critical data-related work does not hold back work developing models and 
getting them deployed on time (Anderson, 2010). 

Extreme Programming practices, such as constant integration, program testing automation, and cooperative coding 
contribution majorly right abstruse re code reliability and reproducibility of AI models. Automated testing for preprocessing 
pipelines and model outputs lead to the minimization of the probability of errors being happening in the iterative 
development process. Continuous integration helps not only to retrain and fast deploy the models frequently but lead to 
experimentation and easy detection while keeping git codes and models consistent. These practices are especially precious in 
applications of artificial intelligence for which small changes in data or code have a large impact on the performance of 
models (Beck, 2000). 

The study makes a point out of the utility of hybrid Agile frameworks (Combination of Scrum and Kanban practices). Hybrid 
approaches offer ways for teams to balance between the iterative approach taking place on developing and the constant view 
of the workflow for AI-specific challenges e.g. dealing with experimental model iterations and data dependencies at the same 
time. Hybrid methodologies provide a flexibility to the dynamic requirement to ensure not only data pipeline but also model 
development progress in sync/Moreno et al. (2019) 

Cross-functional workers collaboration became an important key to the Agile AI development. AI projects require an expertise 
in data science, software, domain knowledge and knowledge of business strategy. Agile ceremonies like daily stand ups, sprint 
reviews and sprint retrospectives foster communication between different team members, and also ensures that the outcome 
of the models and business goals are in sync with each other. Collaboration also facilitates ethical oversight, interpretability 

and transparency in the AI models, which are important consideration factors in real-world applications (Amershi et al., 
2019). 

Challenges were also encountered in the use of Agile in relation to AI projects. Data dependency, uncertainty in performance 
of models and experimental nature of development of AI requires flexible planning and adaptive risk management. Iterative 

sprints need to make time for such time-intensive tasks as labeling data, processing data, augmenting data, and validating 
data. Moreover, not all iterations bring increases in performance and other evaluation metrics, besides the classical ones, are 
needed to measure if a sprint has been successful or not. In order to address these issues, hybrid frameworks need to be 
created as well as automated pipelines and monitoring systems that blend Agile and AI-specific project needs (Humble & 
Farley, 2010). 
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The discussion shows that Agile methodologies are not merely compatible with AI-driven development, but it is essential to 
managing its iterative and experimental and collaborative nature. Agile practices which make it possible to rapidly prototype, 
test and deploy continually, can all help AI teams to be more effective at building better models, quicker. Workflow 
visualization, hybrid frameworks, and cross-functional collaboration are even more ways to make projects more transparent 
and reduce project risks and promote stakeholder satisfaction. 

In conclusion, the evidence favors Agile methodologies to be a great framework to develop Artificial Intelligence applications. 
When suitably adapted, Agile aids in better velocity of iteration, quality of model, flow, team collaboration and alleviates 
issues related to data dependency and model uncertainty. Agile/Delivery driven Artificial Intelligence projects show a better 
response to requirements change, enhanced delivery time, and more reliable results. The findings put stress that Agile is not 
just a project management methodology, but a strategic facilitator for being iterative, learning and improving constantly and 

deploying AI-enabled apps in a dynamic and a real-world environment (Amershi et al., 2019; Schwaber & Sutherland, 2020). 

Conclusion 

Agile methodologies have proven great potential with regards to tackling the special challenges associated with AI-driven 
application development. The research presented in this study suggests that Agile practices as Scrum, Kanban, extreme 
programming or XP and hybrid approaches add value in the areas of iterative development, workflow management, 

collaboration and results of the whole project. The iterative nature of Agile frameworks match very well with the 
experimental and data-dependent nature of AI projects, it is possible to perform rapid prototyping, continuous evaluation and 
incremental improvement of machine learning and AI models (Sculley et al., 2015). 

Being one of the most popular Agile method, Scrum has a structured way to its sprint cycles and provides an opportunity to 

review the fact frequently and retrospect while incorporating the feedback that comes from stakeholders. The practices allow 
AI development teams to create models refinement, hyperparameters, feature selection refinement, and maximizing 
preprocessing pipelines without delaying the schedule of the project. Empirical studies show that Scrum helps to improve 
iteration velocity, minimize rework and ensure timely delivery of operating AI components. By encouraging the cooperation 
of the developers and data scientists with the stakeholders, Scrum fosters the matching of the results of the technical models 
with the business goals, and it ultimately contributes to an increase in the success rate of the project (Schwaber & Sutherland, 
2020). 

Kanban has complementing benefits of visualising the workflow of the AI-projects therefore teams can track the progress of 
their work, balance their workload and identify the bottleneck in their workflows within the data preprocessing, model 
training, evaluation and deployment stages. The continuous workflow approach helps in completing the critical task such as 
data cleaning, labeling, and augmentation, which helps in reducing the delay in developing the model. The fact that Kanban is 
flexible to accommodate the change of the requirements of the project is exciting, and this is crucial to the development of AI 
projects that have to cope with dynamic datasets and changing business requirements (Anderson, 2010). 

Extreme Programming has the addition of more value except for automated testing, continuous integration, and collaborative 
coding practices. AI development projects are necessarily involved with complex pipelines, and slight variations in the code or 
data may cause a vast difference in the model performance. With the XP practices the repetition is minimised and re-
producibility is made consistent in the approach of development of the iterations and distributing the applications. Automated 
testing of the preprocessing pipelines checks of validations and continuous retraining of the models further plays a part in 

bestowing the project's reliability and quality (Beck, 2000). 

Hybrid frameworks that combine Scrum and Kanban are being known to be good for AI-driven projects. By combining 
iterative sprints with constant workflow visualization, the hybrid ones provide flexibility to manage the iterations of the 

experimental models, data processing, and data pipeline deployment in a parallel fashion. Studies indicate that hybrid 
frameworks achieve the highest level of the utilization of resources, and also an efficient iteration of projects: more efficient 
iteration and better cross-functional collaboration (Moreno et al., 2019). This approach provides teams with the ability to 
react successfully to changing collections of data, changing requirements of models, and changing organizational priorities. 

Cross-functional collaboration makes it an important success factor in Agile AI development. AI projects require expertise in 
data science, software engineering, knowledge of the domain and business strategy. Agile ceremonies such as daily stand-ups, 
sprint reviews and retrospectives foster communication, help clarify requirements and build a common understanding 
between team members. Collaboration enhances decision-making, and ensures that there is a continuous learning cycle, and 
ensure AI models are interpretividget, dependable and compatible with strategy goals. Furthermore, engagement of 
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stakeholders throughout the lifecycle of the development reduces the risks and enhances acceptance of AI-driven solutions 
(Amershi et al. 2019). 

There are still issues relating to the integration of the Agile with AI development. Data dependency, model uncertainty and 
iterations in the experiments create a new complexity level that requires planning. Agile cycles have to allocate time to go 
through the rather time-consuming steps of data preprocessing, labeling, augmentation, and validation of data. Not often will 
all the iterations result in some measured performance improvements, hence the need for flexible measures of evaluation 
apart from the more traditional software project measures. In order to overcome these issues, hybrid frameworks, automated 
pipeline mechanisms, and workflow monitoring, and/or continuously evaluation mechanisms that integrate Agile principles 
with AI specific requirements, are required (Humble & Farley, 2010). 

The use of Agile practices can also help to develop ethical and responsible AI. Continuous working together and iterative 
feedback between teams help in spotting and reducing bias, fairness and interpretability. Incorporated into the routine sprint 
reviews and retrospectives, Agile practices will allow the development of socially accountable and technically sound AI 
models. Agile methodologies, therefore, are not only about optimizing efficiency and quality, but also about the 
trustworthiness and accountability of applications that use AI (Amershi et al., 2019). 

In summary, the proof of the pudding can be stated through this study that Agile methodologies are very effective when 
managing the application development process of the application driven by AI. Agile framework optimizes the iteration speed, 
model accuracy, workflow efficiency, cross-functional teamwork, addresses the agility challenges specific to AI like the 

dependency between data, model uncertainty, deployment complexity, etc. Scrum, Kanban, XP and hybrid frameworks 
provide flexible means of developing an iterative model, continually reviewing progress and avoiding risks. 

Future AI projects can take advantage of Agile and MLOps formal integration that allows integration, deployment, monitoring 
and retraining of info models with out having to pause train at all instances. Such integration assures reproductivity, 

scalability and faster time-to-market. What's more, organizations should invest time into training teams on both Agile project 
management and development needs specific to AI in order to develop alignment with both technical and business objectives. 
Empirical studies into measuring agile effectiveness in different areas of AI is recommended in order to refine the best 
practices and provide standardised frameworks for adoption (Moreno et al., 2019). 

Finally, Agile practices provide an end-to-all and dynamic approach where the iterative, experimental, and collaborative 
development of AIs fits. Properly implemented Agile practices makes for an improvement in model performance, efficiency of 
the entire project, teamwork and ethical compliance in serving for successful delivery of AI powered applications in real 
world organisation & technological environment. The considerations made bring to the fore the crucial role of Agile as a 
strategic enabler for iterative learning, continuous improvement, and effective implementation of AI applications for the 
successful delivery of technical and business goals (Sculley et al., 2015; Schwabe & Sutherland, 2020). 

Recommendations 

1. Organisations should incorporate agile methodologies early in the life-cycle of the AI projects to provide for the 
iterative prototyping and integration of early feedback. 

2. To ensure full coverage of iteration, scrum sprints should include data preprocessing, model training and validation 
jobs. 

3. Kanban boards should be used to visualize the AI workflow and track the progress of tasks and efficiently manage 
work in progress. 

4. Extreme Programming practices should be incorporated (automated testing, continuous integration): this will 
increase the reproducing, and not the least, the reliability of the models. 

5. Hybrid frameworks of Scrum and Kanban frameworks should be implemented to achieve the balance of model 
development and tasks of data workflow well. 

6. Cross5ional team that includes experts in data science, software engineering, domain expertise as well as 
stakeholders needs to be formed in order to bring their unique expertise from varied backgrounds and help in 
increasing the collaboration and decision making process. 

7. Ethical ensure, overlay, fairness evaluation and interpretability check should be a part of agile ceremonies to make 
the responsible AI deploying. 

8. Continuous integration and continuous deployments pipelines (MLOps) should be integrated with Agile practices in 
order to have automated, scalable and reproducible AI deployments. 
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9. Performance metrics like iteration velocity, model accuracy, deployment frequency and level of satisfaction from 
stakeholders should be frequently monitored. 

10. Training programs should be offered to develop skills in the agile project management and AI development process 
to be more aligned between the technical and business goals. 
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