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As artificial intelligence (AI) continues to evolve, its role in software development becomes increasingly 

relevant. In agile environments, particularly within the Scrum framework, AI shows the potential to 

improve accuracy, productivity, and overall efficiency. Several Scrum related challenges, such as effort 

estimation or resource allocation, could be solved by applying AI. Despite the potential, many 

organizations still struggle with successful AI adoption, mainly due to limited knowledge about AI 

capabilities and challenges in selecting appropriate AI techniques. This study explores the current state 

of AI integration in Scrum processes through a literature review. A literature search identified 305 

records, of which 18 were included in review. The study examines:(a) how much AI has impacted Scrum, 

(b) which AI techniques have been used to enhance Scrum processes, and (c) how AI affects automation, 

assistance, and enhancement within Scrum. Data extraction and coding were conducted using a content 

analysis, while the synthesized findings were interpreted and discussed using a narrative synthesis 

approach. The analysis identified seven types of AI techniques (regression, classification, clustering, 

natural language processing, neural networks, search algorithms, and topic modeling) applied across 

seven out of nineteen Scrum processes. Most AI support was observed in the Plan and Estimate phase, 

particularly in effort estimation, user story creation, and release planning. In contrast, no applications 

were identified for processes in the Implement or Review and Retrospect phases. The impact of AI was 

categorized into enhancement, assistance, and automation, with a balanced distribution across the 

categories. The findings suggest that current AI applications in Scrum are concentrated on structured, 

data-rich processes. 

Povzetek:  Študija povzema, da se umetna inteligenca v Scrumu trenutno uporablja predvsem za podporo 

strukturiranim procesom, kot so ocenjevanje napora, uporabniške zgodbe in načrtovanje izdaj, medtem 

ko je njena uporaba v drugih fazah še omejena.

1  Introduction 
Today, artificial intelligence (AI) is used across numerous 

fields and industries, with its applications continuously 

expanding. AI is transforming the way people work and 

has the potential to enhance business processes, making 

them more efficient. According to Gartner [1], by 2027, 

24% of global organizations will be in the planning stage 

of AI adoption and will begin implementing the most 

attractive AI use cases. Therefore, organizations seeking a 

competitive advantage must seriously consider integrating 

AI into their operations. However, many organizations 

struggle to implement AI successfully, and a large number 

of AI initiatives fail to take off [2].  

One area where AI has a significant impact is software 

development. Here, AI could automate tasks, improve 

project management, enhance code quality, speed up 

software development, help with decision-making, etc. 

[3]. Currently, the most popular framework for agile  

 

software development is Scrum, adopted by 87% of  

organizations engaged in agile practices [4]. Scrum 

encourages a structured way of working that fits with an  

organization’s strategies and culture. It also emphasizes 

communication, continuous improvement, and 

transparency [5]. It follows an iterative, incremental 

approach to increase predictability and reduce risks. 

Complex tasks are broken down into smaller, easier-to-

handle components that can be completed within a month 

or less. Because of its flexibility and adaptability, Scrum 

is used across various industries. 

AI's abilities in data analysis, pattern recognition, and 

natural language processing can assist with common tasks 

within Scrum [6]. AI could assist in the decision-making 

process, automate repetitive tasks, and provide insights 

based on historical data. All of these could lead to higher 

productivity, improved outcomes, and more efficient 

utilization of resources [7]. By overcoming the drawbacks 

of manual procedures, the integration of AI within Scrum 
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attempts to create more effective and streamlined software 

development processes.  

The applications of AI in agile software development 

have been studied extensively, and several articles have 

been published on this topic [8], [9], [10]. However, while 

agile methodologies such as Scrum, Kanban, and Extreme 

Programming share common principles, their structure, 

roles, ceremonies, and artifacts are very different [11]. 

How effective AI will be depends on the processes that 

need to be improved and the problems related to those 

processes. Therefore, AI applications have to be tailored 

to the specific needs of each agile methodology. Unlike 

other agile methodologies, Scrum has a clear process and 

a high degree of structure. This makes it easier to predict 

outcomes and identify the right AI solutions. At the same 

time, Scrum’s well-defined roles, artifacts, and time-

boxed events constrain when and how AI techniques can 

be introduced, making it more difficult to experiment with 

AI solutions. Furthermore, Scrum's time-boxed nature 

makes it necessary to plan and deliver product on a regular 

basis. Therefore, AI models might need more time and 

more historical data to be trained, and they might not 

deliver insights within a Sprint cycle. Scrum also values 

team autonomy, so improving tasks like effort estimation 

or prioritization should be carefully planned so as not to 

interfere with team ownership. Finally, Scrum relies on 

periodic inspections and modifications based on 

outcomes. Since the Product Backlog is constantly 

changing, AI solutions need to be able to adapt. Given 

these unique challenges, the paper focuses exclusively on 

the application of AI within Scrum.  

To make the most of the opportunities presented, it is 

important to understand how to structurally integrate AI 

into Scrum. However, despite growing interest and 

individual case studies, there is still no systematic analysis 

that shows how AI techniques can be used within Scrum 

processes, identifies the factors that influence the choice 

of a specific AI technique in a given situation, and 

explores how Scrum could be improved through the 

integration of AI. This paper explores the most recent 

advances in using AI in Scrum and points out areas where 

more research is needed to fill the research gaps. It aims 

to determine the specific Scrum processes that AI can 

enhance, along with the corresponding input and output 

(data) for each type of identified AI technique, and the 

extent of AI’s impact on Scrum (e.g., automation, 

enhancement, assistance). Also, the gaps in current 

research and possible future directions are highlighted. 

This approach provides a clear understanding of both the 

possibilities and limitations of using AI in Scrum. Given 

that the effective application of AI technologies is 

essential for long-term competitiveness and that many 

organizations continue to struggle with the successful 

integration of AI, it is crucial to explore how organizations 

can integrate AI into their Scrum processes. The main 

contributions of the study are:  

1) an overview of commonly used AI techniques and 

their alignment with specific processes, input, and 

output data within Scrum,  

2) grouping of AI techniques into broader categories 

of AI types to allow greater flexibility in 

technology selection, and 

3) an analysis of the trends and future work in the 

domain of AI-supported Scrum. 

The rest of this paper is structured as follows: After a 

brief introduction in the first section, the second section 

presents the materials and methods, including the research 

questions. The third section outlines the research results, 

while the fourth section is devoted to discussion. The fifth 

section highlights the research implications and future 

directions. Finally, the main conclusions are presented. 

2  Materials and methods 
A literature review was conducted to: 

a) assess the current state of efforts in AI-supported 

Scrum processes,  

b) identify the input and output of AI techniques used 

to improve the Scrum process, and  

c) determine the impact of AI on the Scrum process. 

Scrum processes were predefined according to the 

Scrum Body of Knowledge (SBOK™) [11], which is an 

official manual and set of guidelines for implementing 

Scrum. The document contains standardized principles, 

processes, and best practices that Scrum teams and 

organizations can use to effectively manage projects. 

Therefore, it is considered a relevant source for the 

identification of Scrum processes. AI techniques were 

allowed to emerge through the research. The literature 

search was performed in January 2025.  

2.1  Definitions of key terms 

The terms “enhancement,” “assistance,” and “automation” 

in the context of AI were defined to ensure clarity and 

consistency throughout the analysis. These terms refer to 

different levels of AI involvement in the Scrum process. 

Enhancement means improving or augmenting current 

processes to make them more effective or efficient without 

substantially changing how they are carried out. AI acts as 

an augmenting tool that supports informed execution of 

tasks. Assistance involves AI techniques acting as a 

support tool for decision-making and planning. Here, AI 

contributes to the process, while human remains 

responsible for interpreting the output and making final 

decisions. Automation refers to AI performing tasks with 

no human involvement. AI executes predefined steps 

independently based on available inputs. It is mostly found 

in processes that are repetitive or rule-based. 

2.2  Data extraction 

To achieve the objectives, three research questions were 

formulated:  

• RQ1: What is the current status of advancements in 

AI-supported Scrum processes? 

• RQ2: What AI techniques have been used to 

optimize the Scrum process based on the available 

input and output data? 

• RQ3: How has AI improved the Scrum process in 

terms of automation, assistance, and enhancement? 
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To ensure the quality and relevance of the selected 

literature, sources were required to return a substantial 

number of relevant papers, be accessible to the 

researchers, and relate closely to the research topic. The 

search was limited to publications in English and within 

the field of software engineering. The search string 

combined AI-related terms with Scrum-related terms and 

was used to query the Scopus, Web of Science (WoS), and 

IEEE Xplore databases: 

• (“artificial intelligence” OR “AI” OR “AI 

enhancement” OR “AI process improvement” OR 

“machine learning” OR “NLP”) AND (“Scrum” 

OR “agile development”) AND (“project vision” 

OR “stakeholder* identification” OR “Scrum 

team*” OR “form team*” OR “epic*” OR “product 

backlog” OR “release planning” OR “user stories” 

OR “task creation” OR “task estimation” OR 

“Sprint backlog” OR “task allocation” OR “issues 

prioritization” OR “daily standup” OR “Sprint 

review” OR “Sprint retrospect” OR “retrospect 

project” OR “reporting”) 

In the initial screening phase, studies were included if 

their titles or abstracts explicitly indicated a focus on 

improving the Scrum process through AI applications. 

Additionally, papers whose relevance was not 

immediately clear from the title or abstract but showed 

potential were retained for further review. Studies were 

excluded if their titles or abstracts indicated only marginal 

relevance to the research objectives. Studies that satisfied 

those criteria, as well as those with uncertain titles and 

abstracts, proceeded to the second phase.  

The following inclusion criteria were applied on 

studies that proceeded to the second phase: 

• explicit description of the application of AI to 

improve Scrum processes; 

• improvement of at least one Scrum process through 

the use of AI; 

• clear identification of the applied AI techniques; 

• description of the impact of AI on the Scrum 

process (e.g., automation, assistance, or 

enhancement); 

• specification of the input and output data 

associated with applied AI technique. 

Papers were excluded if they: 

• discussed AI hypothetically but did not implement 

any concrete AI techniques; 

• lacked methodological detail on AI technique 

implementation; 

• were secondary studies (e.g., surveys, position 

papers) without original empirical contribution. 

The papers that passed this phase were thoroughly 

read. Information extracted from each included study 

covered the type of AI used, the input and output data, the 

specific Scrum processes that were enhanced, and the 

nature of the AI contribution. 

The literature identification, screening, and selection 

process is summarized using a flow diagram, as shown in 

Figure 1. 

2.3  Data analysis  

A comprehensive content analysis of each paper was 

conducted by one researcher, and reviewed by second 

researcher. The extracted data were coded and grouped 

into higher-level categories that aligned with the research 

questions. Codes represented well known concepts such as 

the types of AI techniques (e.g., NLP, regression, search 

algorithms), the type of input data (textual, numerical), 

and the Scrum phase of the involved process. The 

categorized information was synthesized narratively to 

identify relationships between AI techniques, types of 

data, and Scrum processes. All coded properties of the 

included studies are reported explicitly in Table 3 and 

Table 4, which represent the structured outcome of the 

content analysis. The columns in this dataset included: 1) 

the Scrum process name, 2) the AI technique name, 3) the 

type of AI technique, 4) the input data (type and source), 

5) the output of the AI technique, 6) the AI contribution 

(e.g., assistance, enhancement, automation), and 7) the 

source reference. The rows in this dataset were organized 

according to the processes and phases of the Scrum 

framework, as presented in Table 1.  

A second researcher independently reviewed the 

extracted data to verify completeness and accuracy. 

Where ambiguous or unclear interpretations were 

identified, the second researcher proposed corrections, 

which were then jointly reviewed and incorporated when 

appropriate.  

The final results are presented in the Results section 

of the study. They are discussed in detail through textual 

explanations and summarized in tables to provide a clear 

and comparative overview of the findings. 

 

 
Figure 1: Flow diagram of the research methodology 
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Table 1: Scrum processes by phases 

Phase Process 

Initiate Create Project Vision 

Identify Scrum Master and Stakeholder(s) 

Form Scrum Team 

Develop Epic(s) 

Create Prioritized Product Backlog 

Conduct Release Planning 

Plan and 

estimate 

   

Create User Stories 

Approve, Estimate, and Commit User 

Stories 

Create Tasks 

Estimate Tasks 

Create Sprint Backlog 

Implement Create Deliverables 

Conduct Daily Standup 

Groom Prioritized Product Backlog 

Review and 

Retrospect 

Convene Scrum of Scrums 

Demonstrate and Validate Sprint 

Retrospect Sprint 

Ship Deliverables 

Retrospect Project   

3  Results 
The defined search string returned a total of 305 papers 

(Scopus: 66, WoS: 23, and IEEE: 216), which were 

initially reviewed based on their titles and abstracts. After 

the preliminary review, 196 papers were excluded for not 

meeting the initially defined inclusion and exclusion 

criteria. The remaining 109 papers that met those criteria 

advanced to the next stage of selection, where additional 

inclusion and exclusion criteria were applied. A full-text 

screening of these papers resulted in a final set of 18 

papers included in the literature review. The next phase of 

the research involved the analysis and synthesis of 

extracted information from the final set of papers. The 

research findings are presented according to the stated 

research questions. 

3.1  RQ1. What is the current status of 

advancements in AI-supported Scrum 

processes? 

Across the reviewed studies, a clear pattern emerged 

showing that AI applications are highly explored in the 

Plan and Estimate phase, while Implement and Review 

and Retrospect phases remain largely unexplored. In total, 

seven different types of AI were identified: regression, 

classification, clustering, natural language processing 

(NLP), neural networks (NN), search algorithms, and 

topic modeling. Additionally, some studies applied a 

combination of techniques, such as classification and 

regression or NLP and classification.  

A total of 7 out of 19 Scrum processes were found to 

be supported by AI. Task Estimation and Conduct Release 

Planning were the most studied processes, each appearing 

in four papers. These were followed by Create User 

Stories (three papers) and Approve, Estimate, and Commit 

User Stories (three papers). Other processes (Form Scrum 

Team, Create Prioritized Product Backlog, and Create 

Sprint Backlog) were mentioned once. The following 

paragraphs will provide an overview of AI-supported 

Scrum processes categorized by the phases of the Scrum 

framework: 1) Initiate, 2) Plan and estimate, 3) 

Implement, and 4) Review and retrospect.  

AI had the most significant role in Scrum processes 

within the Plan and Estimate phase. Four out of five 

processes of these phases were identified as affected by 

AI. The remaining three processes were identified as part 

of the Initiate phase. In Scrum processes related to the 

Implement phase, as well as the Review and Retrospect 

phase, the use of AI was not detected.  

In Scrum processes within the Initiate phase, AI was 

used to create teams [12] and classify product backlog 

items (PBIs) [13]. This improved backlog management 

efficiency and helped in prioritization. More specifically, 

in order to maximize competence match and redundancy 

among team members, the Genetic Algorithm (GA) was 

used to find the best possible team formation. As 

evidenced by the high accuracy and acceptance rate of the 

teams created using this technology, AI has the potential 

to increase the efficacy and efficiency of team formation 

in Scrum. Release planning, which is frequently a manual 

process, was also automated with AI. Using historical 

data, AI techniques have been utilized to forecast project 

milestones and release dates [14]. Additionally, AI-

powered chatbots were employed to assign resources and 

estimate the amount of time required to finish tasks [15]. 

Similar user stories have been identified and grouped into 

releases using NLP [16], [17]. This way, the manual 

challenge of organizing related stories into a cohesive 

release was directly addressed. Empirical results 

demonstrated significant efficiency gains. 

AI improved the creation of user stories during the 

Plan and Estimate phase by creating models for assessing 

text and graphical documents and automatically producing 

preliminary versions of user stories according to 

requirement specifications [18], [19], [20]. The goal of 

this capability is to reduce the amount of time and effort 

team members usually have to invest in turning statements 

into tasks. The generated user stories include key 

attributes, a definition of done, functional and non-

functional constraints, and test specifications, and are 

formatted for easy integration into project management 

tools. 

AI helped make story point estimation more accurate 

and faster. Different combinations of NLP, NN, and ML 

were used for this purpose [21], [22], [23], [24], [25], [26], 

[27], [28], allowing AI to learn from the content of user 

stories and improve estimation performance. AI 

techniques have made effort and cost estimation much 

more accurate and consistent than traditional human-

based methods. The findings across sources indicate that 

no single ML technique is better than the others at 

predicting effort. This strongly supports the efficacy of 

ensemble-based models, which use predictions from 

multiple algorithms to improve results. One of the most 

important things to understand is the importance of data 

quality: the level of detail and the number of vague terms 

in user stories significantly impact the model's 

effectiveness. Stories that had higher estimation errors 

were often associated with vague terminology. 
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Suggestions for improvement include reducing implicit 

information, using standardized templates for stories, and 

regularly grooming the backlog [21]. Also, models were 

trained on labeled historical data. For building reliable 

models, the quality and completeness of textual 

requirements are essential. Data preprocessing techniques, 

like discretization of continuous features and data 

augmentation, evidently make predictions more accurate 

and help models learn. This helps managers to explore 

different project scenarios more effectively. 

AI helped create sprint backlogs by assigning tasks to 

team members based on their skills and availability [29]. 

This created the most competent Scrum teams for each 

project. The dataset used for prediction included the 

employee's service year, training year, KPI score (the 

number of projects the employee worked on), previous 

year's rating, education, and awards. For the model to be 

successful, it is crucial to have this kind of employee data.  

The results are presented in the form of a matrix 

(Table 2), which shows the mapping between Scrum 

processes and the types of AI techniques applied in the 

reviewed studies. The rows represent Scrum processes, 

while the columns represent AI technique types. The 

numbers in cells indicate the number of reviewed studies 

in which a specific AI technique was applied to the Scrum 

process. This overview highlights the concentration of 

research across Scrum phases and AI technique types. 

Figure 2 provides a visual synthesis of AI supported 

Scrum processes across phases, clearly indicating the 

concentration of existing research in early planning 

activities and the lack of AI applications in later phases. 

3.2  RQ2. What AI techniques have been 

used to optimize the Scrum process 

based on the available input and 

output data? 

Across the studies, the choice of AI technique depended 

on the type and structure of available data, with NLP being 

mostly applied to textual data and ML being mostly 

applied to numerical data. Generally, AI technologies 

require a large amount of data. The input data consists of 

prepared information obtained from the environment, 

which influences the choice of AI technique. Apart from 

the type and format of input data, the selection of an AI 

technique also depends on the organization’s specific 

requirements for the process, including the desired output, 

which may be in textual, numerical, or vector format. 

 

 

Figure 2: Mapping AI support across scrum phases and 

processes 

Overall, the reviewed papers provided a 

comprehensive preview of how different AI techniques 

can be applied to various stages of the Scrum process. 

They detailed the input data used, the output generated, 

and the specific AI technique employed in each Scrum 

process. AI techniques were further categorized into 

broader types of AI techniques. Understanding these AI 

types can be more valuable than focusing solely on 

specific techniques, as it provides a broader perspective on 

AI’s capabilities and limitations, leading to better strategic 

implementation. Identified AI techniques are a mixture of 

traditional (e.g., ML, Search algorithms) and advanced 

(NLP, NN) AI techniques. The choice of a specific AI 

technique was conditioned by the type of available data 

input and requirements of the Scrum process (which are 

reflected in the resulting output). The research identified 

several AI techniques that were applied within Scrum 

processes, as presented in Table 3. Detailed dataset 

properties and performance metrics are reported in the 

original studies but are not included here due to 

heterogeneity in experimental designs and evaluation 

protocols. The following paragraph will summarize the 

most common application of AI techniques, as identified 

by previous research.  

NLP was a foundational AI technique that made it 

possible to automate and improve numerous Scrum 

processes that involve textual data. It was used in 

processes that generated a lot of unstructured textual data, 

such as creating user stories [18], [19], [20], and 

conducting release planning [16], [17]. These processes 

are mainly part of the second Scrum phase (Plan and 

Estimate). To utilize NLP, it was essential to transform 

unstructured natural language requirements into machine-

readable formats, like detailed user stories, and to create 

structured developer profiles. Primary input for NLP 

across the processes was natural language text from 

requirements documents, user story descriptions, and 

issue titles/descriptions. Outputs included annotated text, 

formal specifications, classified sentences, extracted 

features/keywords, structured tasks, user stories, 

prioritized issues, etc. Overall, NLP can make AI models 

used in Scrum processes much more accurate, consistent, 

and less labor-intensive. 

Classification and regression techniques (i.e., 

Artificial Neural Networks, Naïve Bayes, Decision Trees, 

and Logistic Regression) were prominently used for 

prioritizing product backlog items and classifying user 

stories.  For prioritization, inputs included textual features 

(title, description), and historical priority and story point 

attributes of existing issues (e.g., from JIRA) [17]. The 

output was an approximate rank for newly added or 

modified issues. For story point estimation, classification 

techniques grouped issues into predefined story point 

categories based on their characteristics. To improve the 

accuracy of overall predictions, Decision Trees were used 

[24]. Inputs were issue descriptions, issue type, and 

components. The output was a predicted story point class. 

Overall, classification techniques can help automate the 

process of making decisions by cutting down the time and 

reducing the subjectivity that comes with manual 

estimation methods like Planning Poker. 
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Table 2: Frequency of AI technique types applied to 

Scrum processes in the reviewed studies 

 Type of AI Technique 

Scrum Phase 

S
earch

 

T
o

p
ic M

o
d

elin
g
 

R
eg

ressio
n
 

C
lassificatio

n
 

C
lu

sterin
g
 

N
L

P
 

N
N

 

Form Scrum Team 1       

Create Prioritized Product 

Backlog 
   1    

Conduct Release Planning 1  1  1 2  

Create User Stories    1  3  

Approve, Estimate, and 

Commit User Stories 
 1 1    1 

Estimate Tasks   3 1  1  

Create Sprint Backlog   1     

 

Regression models were used to predict values like 

the amount of work needed for a user story or task, or the 

number of story points. These models used historical data, 

such as story characteristics and developer attributes, to 

give more accurate estimates than traditional human 

judgments, which can be biased [25], [26], [27]. For effort 

estimation, inputs commonly included story priority, 

number of subtasks, story size (story points), sprint 

number, and programmer experience (all from historical 

data). The output was predicted effort in person-hours or 

estimated story points. 

Search algorithms (e.g., GA) were used in tasks that 

required optimization or matching, such as team formation 

or release planning. They were used with both numerical 

and textual input data. For example, GAs helped with team 

formation by matching detailed developer profiles with 

project needs [12], and they were more accurate than 

human managers. Input included the technology needs of 

the projects and detailed profiles of the developers, 

containing their knowledge (from technology tags) and 

skills (from structured task descriptions) in the form of 

feature vectors. The output was the optimal global team 

formation for a set of target projects. In release planning, 

GAs were employed to achieve the highest possible 

business value by determining the optimal sequence for 

user stories, taking into account dependencies and the 

team's capacity [14]. User stories, their technical 

precedence (dependency matrix), assigned business value, 

estimated effort (story points), and team velocity were all 

used to plan releases. The output was an ordered list of 

user stories. This approach provides a strong and 

adaptable way to automate and improve decision-making 

in the processes that were previously performed manually. 

Topic modeling, like Latent Dirichlet Allocation 

(LDA), was used to find latent information in user story 

descriptions that can help estimate the story points [22]. It 

transformed text descriptions into topic-based vectors, 

which allowed measurement between issues. This was 

important for subsequent clustering. The main input was 

the raw text of the user story, including the title and 

description. The text was then pre-processed and put 

together as "issue-context." The output was a numerical 

vector that shows issue reports, with issues represented by 

their relevance probabilities to inferred topics. Even 

though LDA was more accurate than random guessing and 

mean baselines, its performance for story point estimation 

was often similar to that of simpler techniques like median 

estimation. This means that topic modeling may not 

always give superior outcomes than simpler benchmarks 

if the quality of the data is not high. 

Deep NNs have been used to learn complex semantic 

features from raw user story text [21]. This made the 

predictions much more accurate. Common inputs were 

word embeddings derived from stories, concatenated 

summary and description texts, and historical data of story 

points and effort. The output was predicted story points. 

NN models are powerful, but like other machine learning 

techniques, their effectiveness depends a lot on the quality 

and volume of training data they get. 

Finally, the combination of different types of AI 

techniques enabled a more comprehensive and effective 

analysis of textual content. By combining different AI 

techniques, companies can deploy the strengths of each 

one to meet their specific process needs more efficiently. 

Depending on the process and the desired outcome, the 

input data varied from numbers to plain text. Numbers 

were mostly needed for ML models using regression, 

while the text was used by AI techniques such as NLP, 

NN, and Topic modeling. Interested readers are offered 

references for further investigation, where details on input 

data and the AI techniques used can be found. 

Figure 3 shows how different categories of AI 

techniques have been applied to specific Scrum processes 

in the reviewed literature, highlighting dominant 

technique–process pairings. 

 

 

Figure 3: AI Technique types applied to Scrum processes 
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3.3  RQ3. How has AI improved the Scrum 

process in terms of automation, 

assistance, and enhancement? 

The papers provide an overview of how AI can improve 

different stages of the Scrum process. The impact of AI on 

these processes was categorized as enhancement, 

assistance, or automation. A balanced distribution of 

results was observed, with seven papers focusing on AI 

assisting Scrum processes, five on AI automating them, 

and six on AI enhancing existing processes. Table 4 

summarizes these findings. 

Papers [21], [22], [23], [24], [26], [27] reported that 

AI techniques have enhanced the estimation process 

through improved data analysis, pattern recognition, and 

prediction models, enabling more accurate user story and 

task estimations. More precisely, AI gave value to the 

Scrum process by providing insights and increasing the 

accuracy of the estimation process.  

Other papers [12], [13], [14], [15], [17], [28], [29] 

reported the use of AI as a support tool for decision-

making and planning. However, AI did not act 

autonomously, but rather as a supplement to human 

decision-making in tasks that still required human 

judgment. 

In the context of the AI-supported Scrum process, AI 

was applied to repetitive [16], [25], rule-based [18], [19], 

or data-driven jobs [20] with the goal of fully carrying out 

the process. Such processes can be automated by 

performing steps independently based on predefined 

criteria and inputs. AI techniques, especially machine 

learning (ML) and deep learning (DL), have been widely 

applied to automate the process of story points estimation. 

The following is a summary of the trends:  

Enhanced estimation: AI techniques significantly 

reduce the amount of time and labor needed to perform the 

estimation process, particularly in later project phases 

when more data is available for training [24]. In addition, 

AI models produce more consistent and trustworthy 

estimates because they are less prone to biases and 

subjective factors [22]. 

Support for team and resource management: AI 

addresses multiple team formation issue in Scrum projects 

[12]. By taking into account specific competencies, such 

as technical skills deduced from previous project tasks, AI 

techniques can optimize the distribution of available 

developers among several software projects. This helps 

create cross-functional teams without redundant skills. 

Furthermore, to maximize the number of story points 

created in a sprint and to distribute available effort among 

the team, ensemble-based methods and predictive models 

can be employed [28]. This facilitates the best possible 

scheduling of developers and stories. NLP-based machine 

learning techniques can be utilized to dynamically predict 

the rank of recently added or modified issues [17]. With 

an estimated rank for incoming issues, project managers 

can focus on sprint planning and make timely decisions. 

Automation of repetitive jobs: LLMs can be used to 

generate user stories from high-level requirements 

documents automatically [19]. Senior team members' 

manual labor can be significantly decreased by this 

procedure. As for the software specifications, they can be 

automatically derived from requirements using AI 

techniques such as NLP and ML [18]. This facilitates the 

digitization of requirements knowledge, the creation of 

context-sensitive user stories, and the enhancement of 

traceability and consistency. Finally, to make release 

planning for large and complex software projects easier, 

NLP algorithms can be used to find similar user stories 

and group them into different releases [16].  

Overall, there is a noticeable trend toward automating 

Scrum's highly manual, time-consuming, and data-rich 

processes.  

4  Discussion 
This paper identifies Scrum processes that have been 

supported by AI. Since the use of AI depends greatly on 

the type of data available, the required input data for each 

specific AI technique is listed. Similarly, while the output 

of a process is strongly related to the problem being 

addressed, it also influences the choice of AI technique. 

Therefore, both the input and output data used in previous 

research were identified. 

From a theoretical perspective, the findings of this 

research align with the Task-Technology Fit (TTF) theory, 

which argues that technology contributes value only when 

its capabilities fit the tasks and context in which it is 

applied [30]. The proposed mapping of AI techniques to 

Scrum processes, input/output data, and contextual factors 

operationalizes this perspective by identifying where 

specific AI capabilities are suitable for particular Scrum 

tasks. 

The motivation for this study partly stems from gaps 

identified in the author’s previous research [3], which 

revealed that many studies do not differentiate between 

agile software methodologies. As a result, it is often 

difficult to extract information about which parts of a 

process belong to specific agile development 

methodologies. This lack of clarity makes it challenging 

to determine how particular AI techniques can be applied 

to improve Scrum, XP, or Kanban. Conversely, studies 

that focus specifically on Scrum tend to cover only narrow 

aspects of the development process (e.g., task allocation, 

effort estimation). Therefore, the impact of AI on Scrum 

as a whole remains unknown. Our research tries to cover 

the aforementioned gaps by providing a clear overview of 

the phases of Scrum development. It identifies the 

processes that are part of the Scrum framework and 

proposes ones that AI can improve. It also identifies the 

problems that can be solved within each phase of the 

process (listed in the form of output) and the types of AI 

techniques that can be used to solve these problems. 

Furthermore, it gives an overview of the processes for 

which research related to the application of AI has not yet 

been done. These results are valuable because they 

provide state-of-the-art efforts made in the field of AI-

supported Scrum, but they also enable us to propose some 

promising areas for future research. 



452     Informatica 50 (2026) 445–458                                                                                                                             D. Peras et al. 

 

Table 3: AI Techniques and their input and output data listed by Scrum processes 

Process Input Output Specific AI Technique Type of AI 
Technique 

Ref. 

Form Scrum 
Team 

Structured task containing task 
description and technology 
tags, and a set of target 
projects’ technology 
requirements 

Formed teams for 
a set of target 
projects 

Genetic algorithm (GA) Search 
algorithm 

[12] 

Create 
Prioritized 
Product 
Backlog 

Product backlog items in the 
form of text 

Classification 
models 

Artificial Neural Network 
(ANN), Naive Bayes (NB), 
Support Vector Machine 
(SVM), Logistic Regression 
(LR), and Decision Tree (DT) 

Classification [13] 

Conduct 
Release 
Planning 
 

Quantitative data from the 
backlog, including effort, 
business value, dependency 
matrix, and team velocity 

Release planning 
schedule in the 
form of a vector 

GA Search 
algorithm 

[14]  

 
User stories in the form of text Clustered user 

stories for every 
release 

NLP NLP/ Clustering [16] 

 

Issues and assignees in the 
form of text 

Time estimates 
and assigned 
resources in the 
form of vectors 

Extreme Gradient Boosting 
(EGB) 

Regression [15] 

 
Issues (description (text), 
priority, and story points 
attributes (number)) 

Final predicted 
rank (issues 
prioritization) 

NLP NLP/Classificati
on 

[17] 

Create User 
Stories 

Requirement statements and 
epics in the form of text 

Expected 
functionalities 
expressed as user 
stories  

NLP/Decision Tree 
Classification 

NLP/ 
Classification 

[18] 

 Requirements’ specifications 
in the form of text 

User stories in 
text format 

NLP NLP [19] 

 Requirements’ specifications User stories in the 
JSON format 

GPT 4.0 NLP [20] 

Approve, 
Estimate, 
and Commit 
User Stories 

User stories in text format Story point 
predictions 
(number) 

Deep NN NN [21] 

 Issues in the form of text List of topics Latent Dirichlet Allocation 
(LDA) 

Topic modeling [22]  

 
User stories in text format Estimated story 

point (number) 
Recurrent Neural Network 
(RNN) and Convolutional 
Neural Network (CNN)  

Regression [23]  

Estimate 
Tasks 

User stories in text format Hours or days 
(number) 

NLP + NB Classification  NLP/ 
Classification 

[24] 

 Story cards (text) and planned 
effort estimates (number) 

Actual effort 
(number) 

NB, J48 DT, Random Forest 
(RF), Ada Boost (AB) 

Regression [25], 
[26]  

 Total story points required, 
project velocity, and actual 
effort (numbers) 

Software 
development 
effort (number) 

DT, Stochastic Gradient 
Boosting (SGB), RF  

Regression [27]  

 

Priority of the story (number), 
number of subtasks for the 
story, size of the story (story 
point), sprint of the story 
(integer), and programmer 
experience (years) 

Total 
development 
effort (in 
person/hours) 

Ensemble algorithm 
(Bayesian Network (BN), 
Ridge Regression (RR), 
ANN, SVM, DT, K-Nearest 
Neighbors (KNN), and 
Ordinary Least Squares 
Regression (OLSR) 

Regression [28]  

Create Sprint 
Backlog 

Employee data set, effort 
estimated task list, length of 
Sprint, Previous Sprint 
Velocity, Dependencies, 
Team Calendar (numbers and 
text) 

Job assignment to 
the best match 

SVM, LR, NSL Regression [29] 
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Previous research related to AI in agile development 

has primarily tackled the application of individual AI 

techniques to specific tasks, such as effort estimation, task 

allocation, or backlog prioritization. While these studies 

demonstrate the technical feasibility of AI in specific 

contexts, they typically focus on isolated Scrum activities 

and do not provide a holistic view of the Scrum as a 

process-oriented system. This study addresses these 

limitations by mapping specific Scrum processes and 

phases, and explicitly identifying their required input data, 

produced outputs, and level of AI involvement. This 

allows cross-study comparison at the process level and 

helps to detect underexplored phases. By synthesizing 

findings and structuring them according to the established 

framework, this study provides a more comprehensive 

perspective than previous research. Besides, it highlights 

methodological gaps and practical challenges that should 

be addressed in future research. 

4.1  RQ1: What is the current status of 

advancements in AI-supported Scrum 

processes? 

As discussed earlier, our research identified that AI is 

already being used in 7 out of 19 Scrum processes. 

Bearing in mind how new this area is, this is still a 

respectable number, especially since these processes are 

not marginal elements but core activities. Researchers 

have mostly studied processes that involve decision-

making and contain a lot of historical data.  
 

Table 4: Level of AI involvement in the Scrum process 

Process AI Support Ref. 

Form Scrum 

Team 

Assist in the process of 

team selection 

[12] 

Create Prioritized 

Product Backlog 

Assist in classifying 

product backlog items 

[13] 

Conduct Release 

Planning 

Assist in release planning [14], 

[15] 

 
Automate release 

planning 

[16] 

 Assist in decision-making [17] 

Create User 

Stories 

Build models 

(automation) 

[18] 

 
Automatic generation of 

user stories 

[19], 

[20] 

Approve, 

Estimate, and 

Commit User 

Stories 

Enhance estimation [21], 

[22], 

[23], 

[26] 

Estimate Tasks 
Enhance estimation [24], 

[27] 

 Automate effort 

estimation 

[25] 

 Assist in sprint planning [28] 

Create Sprint 

Backlog 

Assist in decision-making [29] 

 

 

 

However, most studies provided a shallow analysis of 

AI applications, reporting which techniques were used in 

which processes, without delving into important decision-

making aspects such as the factors affecting the use of AI 

or the integration with existing Scrum practices. 

This limits the understanding of where, how, and 

under what conditions AI can be applied within Scrum. On 

the other hand, the observed use of AI techniques in early 

Scrum phases may indicate a practical alignment: these 

phases are structured, data-rich, and therefore suitable for 

predictive modeling and classification tasks, while later 

phases are less structured and require more effort to collect 

and clean the data. As a result, a large part of Scrum still 

lacks proper research into AI integration possibilities. 

4.2  RQ2: What AI techniques have been 

used to optimize the Scrum process 

based on the available input and 

output data? 

The choice of AI techniques seems to depend heavily on 

the availability of data and its format. According to the 

results of the literature review, key AI applications within 

Scrum include NLP, ML, and Search algorithm. Although 

current research offers concrete AI techniques to solve the 

specific Scrum problems, it lacks systematic justification 

for technique selection. Few studies explicitly discussed 

why a given technique was suitable for the specific Scrum 

process, and how the input/output data characteristics 

influenced the choice of AI techniques. This underscores 

a methodological gap that future work should address by, 

for instance, developing AI selection frameworks based 

on context-related factors. 

4.3  RQ3: How has AI improved the Scrum 

process in terms of automation, 

assistance, and enhancement? 

The relatively balanced distribution between 

enhancement, assistance, and automation suggests that 

current AI applications in Scrum tend to complement, 

rather than replace, human activities. This may be caused 

by the socio-technical nature of Scrum, where many 

processes rely on collaboration, negotiation, and shared 

vision, limiting the suitability of full automation. 

Although several studies demonstrate the technical 

feasibility of automating specific Scrum processes, these 

contributions largely represent experimental research 

rather than evidence of widespread industrial adoption. 

By looking into how AI has improved the Scrum 

process, our research indirectly addressed the question of 

replacing humans with AI. For instance, the use of AI 

significantly reduces the amount of effort required for 

analytical and data-driven tasks. On the other hand, 

humans are still superior at tasks that need creativity, 

critical thinking, and collaboration [31]. With current 

concerns about AI taking over human roles, our study 

provides valuable insights about how AI affects Scrum 

and highlights the areas where human skills remain 

essential. 
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4.4  Practical implementation challenges 

Although the reviewed studies demonstrate promising 

applications of AI within Scrum, they also highlight 

several practical challenges that could impact real-world 

adoption. These challenges are mostly related to data 

availability and quality, deployment constraints, 

integration with Scrum practices, and technical limitations 

of AI models. 

Several authors emphasize that AI techniques depend 

on large and reliable datasets, which are often not 

available in practice. For instance, insufficient historical 

data can limit model training for story point estimation or 

team formation [12], [21]. In addition, user stories 

frequently contain poor or ambiguous descriptions, which 

hinders the effectiveness of AI techniques. Historical 

estimates may also be inaccurate or biased, which reduces 

the reliability of training data [21]. Since models trained 

on archival data inherit human errors and biases, AI 

techniques may provide inaccurate estimations [28]. 

Finally, domain-specific vocabularies often need to be 

manually created by experts, which limits the scalability 

and portability of AI solutions [18], [19]. 

Authors also reported difficulties when AI models are 

applied to real project environments. Inaccuracies may 

occur when data models are retroactively applied to older 

projects, as teams cannot always reconstruct past technical 

details [12]. AI techniques can be prone to errors when 

projects involve new emerging technologies that were not 

represented in historical datasets used for model 

calibration [28]. Moreover, sustaining model quality 

requires continuous data maintenance and standardization, 

which may conflict with agile principles [21]. Small or 

domain-specific datasets further limit the generalizability 

of AI solutions across different types of projects and 

domains [12], [21], [28]. Some models rely on simplifying 

assumptions due to missing data, such as assuming all 

tasks with the same standard description and tags require 

similar effort, which does not always reflect actual 

practice [12]. 

AI adoption often requires changes in established 

team behaviors and processes, which can create friction 

and resistance. For example, data labeling introduces 

additional effort for developers. The effectiveness of some 

AI techniques (e.g., Genetic Algorithms for team 

formation) depends on the availability of multiple similar 

past projects, which may not always be the case [12].  

Overall, these challenges demonstrate that the 

practical implementation of AI in Scrum is highly 

dependent on disciplined data practices and sustained 

maintenance efforts. Although the individual limitations 

were reported by different authors, they converge into a 

recurring set of challenges that may affect the feasibility 

of AI integration in Scrum. 

4.5  Limitations and risks of AI in scrum 

The analyzed studies highlight several conceptual and 

ethical risks that may affect the use of AI techniques.  

Risks arise from the mismatch between the flexibility 

of Scrum practices and the rigidity of AI models. For 

example, AI models often depend on stable, comparable 

datasets, which may conflict with the variability of Scrum 

models [21].  

AI models often rely on existing human estimates, 

which may not consistently reflect actual effort and are 

prone to human biases [21]. This raises concerns about 

fairness, transparency, and accountability, particularly if 

model outputs begin to influence decision-making without 

critical human oversight. 

5  Research implications and future 

work 
The results of this paper will be particularly valuable for 

researchers as a starting point to further investigate AI 

techniques used in Scrum, as well as for identifying gaps 

and promising areas for future research. While previous 

studies have mostly focused on individual agile processes 

and their improvement through AI, this research takes a 

holistic approach to Scrum as a whole. This makes it easier 

for practitioners to identify the specific processes that 

interest them, recognize problems similar to their own, 

and discover the types of AI that could be applied to 

address these challenges.  

We argue that the majority of processes that remain 

intact by AI could greatly benefit from the adoption of AI 

techniques. In our opinion, processes that have the biggest 

potential to be improved by AI are the ones from the 

Implement and Review and Retrospect phases. For 

instance, during the Daily Standup, AI can analyze the 

team’s communication patterns and look for signals that 

might indicate a problem or a potential risk that needs to 

be addressed [32]. Sentiment analysis can identify early 

signs of dissatisfaction, burnout, or conflict in team 

communications. LLMs may also identify recurring 

problems or dependencies, which could help detect risks. 

AI could analyze the team's conversations during the 

Retrospect Sprint, identify recurring patterns or themes, 

and suggest approaches to address the problems [33]. It 

can compare the teams’ performance against the industry 

benchmark and provide valuable insights that may not be 

apparent to the team members themselves [34]. 

Furthermore, AI can help groom a prioritized product 

backlog by adapting to changes and assuring that the latest 

priorities and insights are being reflected [35], [36]. 

Finally, it can analyze teams’ progress, track changes, 

incorporate customers’ feedback, and suggest adjustments 

to the product backlog. In this way, the process would 

become much more proactive and strategic.  

The results indicate that AI can boost Scrum 

processes by enhancing, assisting, or automating them. A 

possibility for broader automation exists. For example, the 

extraction of requirements from various sources could be 

automated [37], as well as the translation of user stories 

into technical specifications [34]. 

During the literature review, a lack of a strategic 

approach to the implementation of AI within Scrum was 

noted. Although the papers included in the analysis did list 

the type and form of data needed to utilize some AI 

techniques, these are not enough to enable the successful 

replication of the AI implementation strategy. Therefore, 

we argue for the need for an AI-supported Scrum 
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framework, whose task would be to guide the Scrum team 

through the implementation of AI into the Scrum 

framework. The proposed framework is not intended as a 

prescriptive, step-by-step procedure directly used by 

Scrum teams, but rather as a guidance. Key parts of the 

suggested AI-supported Scrum framework would be: 

1) Identifying processes and analyzing the feasibility 

of AI solutions (made in this paper): Each Scrum process 

is analyzed to determine its potential for AI integration. 

The processes are connected with the right AI technique 

(e.g., using regression algorithms to estimate effort or 

clustering or classification methods to prioritize a 

backlog).  

2) Creating the alignment matrix (made in this paper): 

It shows the inputs, outputs, and AI techniques that are 

required or expected for each targeted process. This 

alignment could assist practitioners in choosing the right 

techniques and preparing the required data. 

3) Assessing the contextual factors (in progress): 

Before integration, factors such as the availability of data, 

the type of data, the technical infrastructure, and the 

available resources will be examined. This assessment 

will help guide recommendations and prevent inadequate 

solutions. 

4) Recommending AI techniques (TODO): AI 

techniques will be recommended based on both objective 

(e.g., classification, prediction, and information 

extraction) and contextual factors. 

5) Deciding on feasibility (TODO): Before integrating 

AI into Scrum, it's important to determine if any changes 

should be made regarding the roles and artifacts, if there 

are any plugins available for AI tools, what are the criteria 

for measuring the success of the integration, etc. 

Figure 4 illustrates the conceptual framework that 

synthesizes evidence from the literature into decision 

support for selecting AI techniques in Scrum. A simulated 

walkthrough of the framework is presented in Appendix 

A. 

Based on the findings of this research and the 

identified research gap, several potential directions for 

future work are suggested. 

 

 

Figure 4: Conceptual framework for AI-supported Scrum 

First, a lack of empirical validation of AI techniques 

in real-world Scrum environments was detected. To 

evaluate how useful AI-supported solutions are, future 

research should focus on performing case studies, 

experiments, and other types of research with Scrum 

teams. Second, as our research shows, phases such as 

Implement and Review and Retrospect remain 

significantly underexplored. Future work should focus on 

getting insights from these phases. Third, while this paper 

proposes key components of a future AI-supported Scrum 

framework, its complete operationalization remains to be 

done. Future work should focus on the development of this 

framework. Fourth, while this paper provides a structured 

mapping between AI techniques and Scrum processes, it 

does not aim to compare or benchmark model 

performance across studies. Due to substantial 

heterogeneity in datasets, domains, and evaluation 

protocols, a systematic performance benchmarking or 

meta-analytic synthesis was considered outside the scope 

of this review and is identified as an important direction 

for future empirical research. 

Finally, our paper is not without limitations, which we 

will briefly address. One of the main objectives of this 

study was to illustrate how AI is transforming Scrum 

teams. Out of 305 screened papers, only 18 were included 

in the research. The most common reason for paper 

exclusion was a lack of case studies, experiments, or 

industry validations of AI techniques, resulting in 

hypothetical proposals that were not empirically tested. 

The second common reason was generic agile processes 

that couldn’t be mapped to Scrum. Other reasons include 

insufficient detail on data and integration context (e.g., the 

type of data being used, data source, etc.) and scope 

mismatch. Only papers that described the concrete 

improvement of Scrum processes through AI were 

included in our research. Therefore, there is a possibility 

that some relevant papers were unintentionally omitted. 

To minimize this risk, a comprehensive set of carefully 

chosen keywords was used. Although the final set of 

papers addressing the area of interest is relatively small (as 

the field of AI-supported Scrum is still new and 

specialized), we believe that the widespread use of Scrum 

in practice justifies our research. Furthermore, we argue 

that distinguishing Scrum from other agile methodologies 

was essential for effectively investigating the impact of AI 

on Scrum processes. 

5  Conclusion 
The study shows how AI is currently being used in Scrum 

and the level of AI's involvement. It specifies Scrum 

processes and groups them into phases. It then analyzes 

the inputs, outputs, and AI techniques (and their types) 

utilized to improve these processes. 

The results indicate that AI has been used the most 

within the Plan and Estimate phase, where it has been 

utilized to improve effort estimates, assign tasks, and plan 

releases. ML was the most popular AI method, followed 

by NLP and other AI methods such as Search algorithms. 

The study shows how these techniques may improve 

Scrum processes by solving common problems like 
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estimating the right amount of effort or deciding which 

tasks to do first. It also provides concrete AI-based 

solutions and identifies processes that AI can improve.  

The less-explored phases (Implement and Review and 

Retrospect) were identified as promising areas for future 

research. Finally, the study shows how important it is to 

have an organized approach for integrating AI into the 

workplace. Future research should focus on creating a 

strategic framework for using AI in Scrum so that its full 

potential can be realized. By doing so, AI could go from 

being a supplement to an essential component of the 

Scrum process. 

This research is valuable for several reasons. First, to the 

best of our knowledge, this is the first paper to specifically 

investigate the use of AI in Scrum. Although several 

studies have explored the impact of AI on agile software 

development, this research uniquely isolates and examines 

only the processes that are part of Scrum. Second, the 

impact of AI was investigated at the level of the processes. 

By doing so, we were able to identify the number of 

processes and the extent to which they were already 

supported by AI. Third, input and output were identified 

for each AI technique, enabling practitioners to easily 

select the potentially suitable AI technique and data 

sources to achieve the desired outcome. Fourth, specific 

AI techniques were grouped into broader AI types, 

focusing on the main problem rather than specific 

implementations and giving users more options when 

choosing AI. Fifth, examples of AI use cases in related 

fields were given to show how they could be used in 

Scrum and to encourage more research into this area. 

Finally, this paper provides a strong basis for further 

research in this promising scientific field. 

Appendix A: Simulated Walkthrough 

of the AI-supported Scrum framework 
This appendix presents a simulated walkthrough 

illustrating how Scrum teams can use it in selecting 

appropriate AI techniques for their processes. The 

walkthrough demonstrates how the framework outcomes 

serve as a decision-support. The scenario is illustrative and 

aims to clarify the usability of the framework. 

A.1 Scenario description 

A software development organization applies Scrum and 

seeks to improve planning accuracy and backlog 

refinement. The organization has access to user stories, 

effort estimates, and issue tracking data, but has limited 

experience with AI. 

Step 1 Identifying processes  

Based on the results presented in Section 3, the 

organization identifies Scrum processes that have been 

empirically supported by AI in prior research. Processes 

such as Create User Stories, Estimate Tasks, and Conduct 

Release Planning are recognized as suitable candidates for 

AI support. Using this information, the team defines its 

improvement goals (e.g., increasing estimation accuracy 

and reducing backlog refinement effort) and selects 

Estimate Tasks and Create User Stories as target 

processes. 

Step 2 Defining inputs, outputs, and 

applicable AI techniques 

After selecting the target processes, the team examines the 

required input and expected output data using the 

alignment matrix. For Estimate Tasks, the framework 

indicates numerical historical data as input and effort 

values as output, with regression and ensemble-based 

techniques commonly applied. For Create User Stories, 

textual requirement descriptions are identified as input, 

with structured user stories as output, supported primarily 

by NLP techniques. Using this information, the team 

narrows the set of applicable AI technique types. 

Step 3 Assessing the contextual factors  

The team evaluates contextual factors identified within the 

framework, including data availability, data quality, 

constraints, and organizational readiness. For example, 

while historical effort data is available and sufficiently 

structured, user stories vary in quality and level of detail. 

Step 4 Selecting AI technique types 

Based on selected processes, improvement goals, and 

contextual factors, the framework guides the team toward 

appropriate AI technique types (e.g., regression models 

for Estimate Tasks, and NLP for Create User Stories). The 

framework supports informed selection while leaving 

flexibility in the choice of specific implementations. 

Step 5 Deciding on feasibility 

For Estimate Tasks, the assessment indicates that existing 

historical effort data and estimation practices are sufficient 

to support regression-based AI technique types without 

requiring changes to Scrum roles or artifacts. The team 

decides to introduce AI as an assistive mechanism for 

estimation. For Create User Stories, the assessment 

reveals that although textual requirement data is available, 

variability in story structure may limit the effectiveness of 

NLP techniques. To address this, the team decides to 

introduce user story templates and clearer acceptance 

criteria, while preserving Scrum roles and workflows. 
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