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Abstract

The integration of artificial intelligence (AI) into Agile IT project management has emerged
as a transformative strategy for enhancing risk assessment and decision-making
processes. Despite the increasing interest, a fragmented understanding persists regarding
the application, effectiveness, and limitations of Al-driven tools in Agile environments.
This thematic review systematically analyses 20 peer-reviewed studies published
between 2010 and 2025 to synthesise current knowledge and identify research gaps. The
literature reveals that machine learning, predictive analytics, natural language processing,
and reinforcement learning offer substantial benefits, including improved sprint planning,
early risk detection, optimised resource allocation, and greater responsiveness to dynamic
project demands. The study categorises findings into four core themes: Al integration in
Agile workflows, Al-driven risk assessment methodologies, Al-enhanced decision support
systems, and challenges to adoption. Barriers such as data quality issues, model
interpretability, integration complexities, organisational resistance, and high
implementation costs are critically examined. A conceptual framework, the Dynamic
structuration framework (DSF), which leverages the adaptive structuration theory and
Dynamic capability theory, is proposed to guide the structured integration of Al within
Agile project lifecycles, emphasising the need for recursive co-evolution, iterative feedback
loops, augmented capabilities as well as a governable human-AlI collaboration. The review
highlights the superiority of Al-driven approaches over traditional methods in terms of
predictive accuracy and operational agility, while also calling for further empirical
validation and development of explainable Al models. The findings offer valuable insights
for researchers and practitioners seeking to advance Al-enabled Agile project
management.

Keywords: Agile project management; artificial intelligence; risk assessment; decision-
making; machine learning; thematic analysis.

1. Introduction

1.1 Background
The introduction of artificial intelligence (AI) in Agile IT project management has
significantly changed how teams plan, execute, and monitor projects [1]. Existing Agile
frameworks like Scrum [2], Kanban [3], and SAFe [4] encourage flexibility, iterative
development, and continuous feedback. These frameworks allow teams to adjust quickly
to changing requirements, making them useful in rapidly evolving IT environments.
However, Agile methodologies face persistent challenges related to risk management,
decision-making, and resource allocation, despite their adaptive capabilities [5-9].
Project teams often struggle with risk assessments, predicting potential bottlenecks or
blockers, and making real-time, data-driven decisions [10].

Al offers a promising solution to these challenges by leveraging machine learning,
predictive analytics, and natural language processing (NLP) [11], [12]. Machine learning
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algorithms can analyse historical project data to identify trends and predict potential
risks, enabling managers to take early, proactive measures. Predictive analytics improves
decision-making by providing insights into project timelines, resource usage, and task
prioritisation. Furthermore, NLP can streamline communication within Agile teams by
automating documentation, analysing team interactions, and exposing potential
concerns.

The growing complexity of modern IT projects further underscores the need for Al-
driven project management. Many Agile projects involve cross-functional teams,
stakeholders, and evolving requirements, making traditional risk assessment methods
less effective [7]. Historically, Agile teams have relied on expert knowledge and intuition,
which may not always provide timely or accurate insights. However, Al offers real-time
monitoring, adaptive risk assessment, and intelligent automation to enable more effective
project control [13].

Across industries, organisations are integrating Al into Agile methodologies to
improve project outcomes, increase decision-making accuracy, and optimise resource
allocation. By embedding Al-driven analytics into Agile workflows, teams can dynamically
anticipate risks, adjust project plans, and improve overall success rates. This study
explores how Al transforms Agile IT project management by enabling data-driven
decision-making and operational efficiency.

1.2 Problem statement

Despite the growing adoption of Al in Agile project management, a significant gap remains
in understanding how Al-driven risk assessment and decision-making impact Agile
processes [14]. While Al-powered tools promise enhanced efficiency, predictive accuracy,
and automated decision support, organisations often encounter challenges in fully
utilising these technologies [15]. Data bias, model interpretability, and the seamless
integration of Al into Agile workflows pose substantial hurdles to widespread adoption.

One of the critical concerns is data bias, where Al models trained on historical project
data may reinforce existing inefficiencies or fail to adapt to evolving Agile environments
[16]. The interpretability of Al-driven insights also presents challenges, as Agile teams
require transparent and explainable models to make informed decisions. Furthermore,
integrating Al into Agile frameworks requires overcoming technical, cultural, and
operational barriers, including resistance to automation, upgrading of skills, and
alignment of Al-driven recommendations with Agile principles of flexibility and human-
centric collaboration.

While numerous studies explore Al applications in traditional project management
methodologies [17]- [19], limited research has focused specifically on Agile
environments. Agile projects differ substantially from conventional approaches due to
their iterative nature, rapid development cycles, and continuous feedback mechanisms.
As a result, existing Al-based project management solutions may not be directly
applicable to Agile methodologies without significant adaptation.

This literature review addresses these gaps by synthesising current research,
evaluating Al methodologies tailored for Agile project management, and identifying
critical knowledge gaps. By providing a structured analysis of current trends, challenges,
and best practices, this study aims to guide future research and industry adoption,
ultimately facilitating the effective integration of Al into Agile project management for
enhanced risk assessment and decision-making processes.

1.3 Rationale and significance

The rationale for this study lies in the urgent need to modernise risk management
practices in Agile IT projects. While effective in stable environments, traditional risk
assessment methods often fail to keep up with the rapid iteration and evolving risk
profiles typical of Agile projects. Agile methodologies demand real-time adaptability,
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iterative decision-making, and continuous risk assessment, which conventional
approaches may not adequately support.

Integrating Al presents an opportunity to transition from reactive to proactive risk
management. Al-driven tools such as predictive analytics and machine learning models
can analyse historical project data, monitor real-time performance metrics, and flag
emerging risks before they escalate into critical issues. NLP further enables automated
insights from project documentation and team communications, providing Agile teams
with timely, relevant information to improve decision-making processes.

By synthesising the current state of the literature, this review aims to:

1. Identify emerging trends and best practices for implementing Al in Agile project
management.

2. Evaluate the efficacy of Al-driven risk assessment tools compared to traditional
approaches.

3. Highlight the challenges and limitations of adopting Al in Agile settings, including
data privacy, ethical concerns, and integration complexity.

4. Propose directions for future research that address unresolved gaps in current
methodologies.

The significance of this review is twofold. Academically, it contributes to the
theoretical understanding of integrating Al with Agile methodologies, providing a
foundation for future empirical research. It explores how Al-driven solutions align with
Agile principles and impact risk assessment, decision-making, and overall project
performance. Practically, it offers IT project managers and industry practitioners insights
into using Al tools to enhance risk mitigation, improve project outcomes, and drive
competitive advantage in an increasingly dynamic technological landscape.

1.4 Research question

Based on the identified problem, this study seeks to answer: How has artificial
intelligence (AI) been leveraged in Agile IT project management to enhance risk
assessment and decision-making, and what are the key challenges and future directions
identified in existing literature?

1.5 Research objectives

To address the research question, this literature review aims to:

1. Identify and categorise existing literature on Al applications in Agile IT project
management, focusing on risk assessment and decision-making processes.

2. Critically evaluate the methodologies used in traditional and Al-driven risk
assessment approaches within Agile projects, comparing their strengths and
weaknesses.

3. Synthesise key findings regarding the efficacy of Al-driven tools in improving
decision-making and mitigating risks, and assess how these findings influence
project performance.

4. Identify gaps in the current literature and propose areas for future research that
could address theoretical and practical shortcomings.

5. Propose a conceptual framework integrating Al capabilities with Agile project
management practices to facilitate more robust risk assessment and decision-
making strategies.

1.6 Scope and limitations

This review covers literature published between 2010 and 2025, reflecting recent
advances in Agile methodologies and Al technologies. The focus is on empirical studies,
theoretical frameworks, and case studies exploring Al applications in Agile IT project
environments for risk assessment and decision-making. The key themes explored include
Al  methodologies, risk assessment techniques, decision-making processes,
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implementation challenges, and future trends in Agile IT project management.
Limitations of this review include:
e Restriction to the past decade and a half may exclude seminal works published
before 2010 that could offer foundational insights.
e The diverse nature of research designs (qualitative, quantitative, and mixed
methods) may pose challenges in synthesising findings into a unified framework.
e Rapid advancements in Al technology mean that the literature requires
continuous updates to remain current.
1.7 Organisation of the study
The remainder of this study is organised as follows. Section 2 Section 3 presents the
methodology, including the literature search strategy, selection criteria, and thematic
analysis approach. Section 4 discusses the findings structured around key themes relating
to Al integration, risk assessment, and decision-making in Agile IT project management.
Section 5 critically evaluates the results and highlights implications for theory and
practice. Section 6 concludes with recommendations for future research and outlines the
study’s limitations.

2. Materials and methods

This study adopted a thematic review methodology to synthesise existing literature on
the application of artificial intelligence (AI) in enhancing risk assessment and decision-
making within Agile IT project management. The approach was interpretative and
flexible, allowing for an in-depth exploration of emerging trends and conceptual
contributions. The methodology encompassed several key stages: conceptual framing,
literature search, study selection, data extraction, thematic synthesis, and quality
assessment.
2.1 Conceptual framing
The review was guided by two established frameworks: FINER (Feasible, Interesting,
Novel, Ethical, Relevant) and an adapted version of PICOT (Population, Intervention,
Comparison, Outcome, Time). The FINER framework ensured that the research question
was focused, significant, and ethically grounded, while also contributing novelty to the
field of Al-driven Agile project management.

The adapted PICOT model framed the research scope by defining the population (Agile
IT project teams), the intervention (Al-driven risk assessment and decision-making
tools), the comparison (traditional risk assessment approaches), the outcome (project
performance and decision-making efficacy), and the time frame (literature published
between 2010 and 2025). These frameworks facilitated a structured and comprehensive
analysis of how Al capabilities are applied in Agile project management contexts.
2.2 Literature search strategy
A comprehensive exploratory search was conducted across multiple academic and
industry databases to capture relevant studies. The primary academic sources included
IEEE Xplore, ACM Digital Library, Scopus, Web of Science, and Google Scholar.
Additionally, pertinent industry reports, white papers, and conference proceedings were
considered to encompass practical perspectives and emerging trends in Al applications
for Agile project management. To ensure comprehensive coverage, a combination of
keywords and Boolean operators was employed. Filters were applied to restrict results
to peer-reviewed journal articles, high-quality conference papers, and reputable industry
reports. The primary search strings included are:

o ("Artificial Intelligence” OR "Machine Learning” OR "Al-driven") AND ("Agile

Project Management” OR "Scrum" OR "Kanban" OR "SAFe") AND ("Risk
Assessment” OR "Project Risk" OR "Risk Mitigation")
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e ("Al in Agile Project Management") AND ("Decision-Making" OR "Predictive
Analytics")

e ("Al-driven Risk Management") AND ("Agile IT Projects")

e ("Machine Learning" OR "Predictive Analytics") AND ("Agile" AND "Decision-
Making")

2.3 Study selection and eligibility criteria

As illustrated in Fig. 1, the study selection process followed a structured multi-stage
screening procedure, beginning with 72 records identified from the databases. After
duplicate removal, 65 unique records remained for title and abstract screening.

Titles and abstracts were screened for relevance to Al and Agile IT project
management, resulting in the exclusion of 25 records that did not address the research
focus on Al-driven risk assessment or decision-making. The remaining 40 full-text articles
were assessed for eligibility. A further 20 articles were excluded due to factors such as
conceptual overlap, a non-Agile scope, or absence of Al application. Ultimately, 20 studies
were included in the final thematic synthesis.

Inclusion criteria:

e Publications dated between 2010 and 2025.

e Articles published in English.

e Empirical studies, conceptual frameworks, case studies, or theoretical discussions
addressing Al in Agile IT project management.

e Research exploring Al-driven risk assessment, decision-making, machine
learning, predictive analytics, natural language processing, or integration
challenges in Agile environments.

e Peer-reviewed journal articles, conference papers, and reputable industry
reports.

Exclusion criteria:

e Studies focused exclusively on traditional (non-Agile) project management
methodologies.

e Publications that do not address Al applications within project management.

e Opinion pieces, editorials, or non-peer-reviewed sources.

e Articles published in languages other than English.

Study identification and selaection procass for the themaltic literature review

Records identified )
through Databases (n = > Records after Duplicate
72) removed (n = 65)
Records screanad (titles & >
| - - D

abstracts) (n = 65) Records excluded (n 25)
Full-text articles assessed - Records excluded (n = 20)
for aeligibility (n = 40)

Studies Included in final
thaematic synthesis (n = 20)

Fig. 1. Study identification and selection process for the thematic literature review
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2.4 Data extraction and thematic synthesis

Key data were extracted from each study to support the thematic analysis. For each
article, the following information was recorded: bibliographic details; study design and
methodology; Al techniques and tools (e.g., machine learning algorithms, predictive
models, natural language processing); Agile methodologies examined (e.g, Scrum,
Kanban, SAFe); Al contributions to risk assessment and decision-making; and reported
outcomes, challenges, and recommendations for future research.

The extracted data were manually coded and analysed to identify recurring patterns,
common themes, and differences across studies. This enabled a rich and contextually
grounded interpretation of the literature.

The synthesis followed a thematic analysis approach. Studies were categorised into
four major themes: Al-driven risk assessment methodologies; Al-supported decision-
making frameworks; implementation challenges and best practices; and emerging trends
in Al-enhanced Agile methodologies. Rather than statistical meta-analysis, an
interpretative synthesis approach was used to draw connections between methodologies
and findings.

2.5 Quality assessment

The quality and credibility of each study were evaluated based on study design
robustness and the strength of evidence. Attention was given to potential biases in data
collection and analysis, particularly relating to data bias and model interpretability.
Studies were also appraised for their contribution to understanding the role of Al in
improving risk assessment and decision-making in Agile IT project management. No
study was excluded solely on methodological limitations; instead, these limitations were
documented to ensure a balanced interpretation.

2.6 Methodological limitations

Several limitations were acknowledged. Publication bias may have led to an over-
representation of positive findings. Diversity in study designs and reporting styles posed
challenges to developing a cohesive narrative. Rapid advancements in Al technologies
may have resulted in the omission of recent developments. Finally, the manual nature of
the thematic coding process introduced potential subjectivity, which was mitigated
through repeated validation of the coding framework.

3. Thematic analysis

This chapter presents the findings of the thematic analysis conducted on the selected
literature. Using Braun and Clarke’s six-phase framework [79], the analysis identified four
dominant themes, each representing critical dimensions of how artificial intelligence (Al)
is integrated and applied in Agile IT project management: (i) Al integration in Agile IT
project management, (ii) Al-driven risk assessment methodologies, (iii) Al-enhanced
decision-making processes, and (iv) implementation challenges and limitations. To aid
clarity, the thematic map illustrating the interrelationship between the four core themes
identified through this analysis is presented in Fig. 2.
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Al Integration
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Risk Assessment Decision Making

Challenges and Barriers to Al Adoption

Data Quality Cultural Barriers Skill Cost

Fig. 2. Thematic map illustrating the interrelationship between the core themes of
Al in Agile IT

3.1 Al integration in agile IT project management

The integration of Al into Agile IT project management represents a significant
transformation in how projects are conceptualised, executed, and controlled. Studies
consistently highlight how the convergence of computational techniques such as machine
learning, natural language processing (NLP), and predictive analytics provides Agile
teams with tools to analyse both historical and real-time data to inform decision-making
processes [12], [22-24]. Agile environments, characterised by short iterative cycles and
continuous feedback, are particularly suited to the dynamic capabilities of Al technologies
[12].

Several case studies illustrate how organisations have successfully incorporated Al
into Agile frameworks such as Scrum and Kanban. In these environments, Al-powered
analytics platforms have been used to monitor team performance, predict sprint
outcomes, and dynamically adjust project backlogs [25]. Real-time dashboards, enabled
by embedded Al modules, offer insights into task completion rates, bottleneck
identification, and workload optimisation [25].

The literature also identifies key Al tools that have facilitated these enhancements.
Predictive models including decision trees, random forests, linear and logistic regression,
support vector machines (SVM), and k-nearest neighbour (KNN) algorithms have been
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applied to project risk and delay forecasting based on historical datasets [26]-[30]. NLP
applications within Agile ecosystems automate documentation and detect potential
issues through sentiment analysis in communication tools such as Slack and Jira [31].
Reinforcement learning approaches further enhance resource allocation and sprint
planning by learning from continuous project feedback [32].

Decision support systems (DSS) also represent a critical Al-driven innovation for Agile
teams. Table 1 presents a synthesis of DSS platforms and Al-powered task allocation tools
identified across the literature [33].

Table 1. Al-powered decision support systems for agile task allocation, sprint
planning, and resource distribution

Tool/Platform Key Features Optimization Reference
SmartTask by | Al prioritizes tasks and | Automates task allocation Miro -
Miro optimizes sprint based on team member SmartTask
planning. skills,
workloads, and task
complexity.
JIRA + Al-based | Integrates Al plugins Suggests task Atlassian
Plugins for resource allocation prioritization, JIRA
and sprint planning. identifies risks, and
recommends task
assignments

based on team strengths.
Agile Al by Predictive analytics for | Optimizes task allocation | ThoughtWor

ThoughtWorks sprint outcomes, and ks Agile Al
bottleneck resource distribution
identification. based on
historical sprint data.
Monday.com Al-powered project Allocates tasks based on | Monday.com
(Al-driven) management with team Al
intelligent scheduling performance, workload,
and task assignment. and
skillsets.
Trello + Butler | Al-driven automation Automates task Trello Butler
Automation for distribution Automation
task assignments and based on past
sprint planning. performance and
predicts task priorities.
Forecast by Al-powered resource Predicts timelines, Forecast by
Planbox and project resources, and optimal Planbox
management. team assignments for
tasks.
Scrumwise Al analytics for sprint | Optimizes sprint planning | Scrumwise
(Agile velocity and team and resource allocation
Analytics) performance tracking. | based on team dynamics

and historical data.

Targetprocess | Al for sprint planning | Forecasts sprint goals and | Targetproces
with Al and task allocation. task assignments based s
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on team capacity and
historical data.
RescueTime + Tracks team Provides data to optimize | RescueTime
Al productivity and time task allocation by
usage. identifying team
members’ productive
patterns.
ClickUp (Smart Al-powered Smart Assigns tasks based on ClickUp
Scheduling) Scheduling and member availability,
resource allocation. skills, and past sprint data
for optimal task
distribution.

Note. The software tools listed in this table are commercial products. Descriptions are
based on publicly available information from the vendors’ official websites as of May
2025. No endorsement by the authors is implied.

3.2 AlI-Driven risk assessment methodologies

A substantial proportion of the reviewed literature focuses on the application of Al to risk
identification, forecasting, and mitigation within Agile environments [37]-[45].
Traditional risk assessment in Agile projects relies on manual tracking and expert
reviews, which are often inadequate in rapidly changing project contexts [12].

Al-based risk identification methodologies address this gap by deploying predictive
analytics, anomaly detection, probabilistic modelling, and NLP techniques. Supervised
learning approaches such as decision trees and random forests forecast potential delays
and cost overruns [37]. Unsupervised learning methods, including clustering algorithms
segment projects into different risk categories, providing nuanced views of potential
vulnerabilities [38]. Bayesian networks and fuzzy logic models have been used to update
risk probabilities in real-time as new data emerge [39]-[41].

The role of NLP in risk assessment is also emphasised, with applications capable of
analysing unstructured project communication to detect emerging risks or negative
sentiment trends [42]. Deep learning architectures such as recurrent neural networks
(RNNs) have proven valuable for analysing time-series data from Agile sprints to detect
subtle risk signals [43].

Numerous authors report the practical success of these methods. Al-powered risk
dashboards offer real-time visualisation and alert generation to assist project managers
with proactive risk mitigation [44], [45]. The overall process flow of an Al-driven risk
assessment system, as commonly reported in the literature, is illustrated in Fig. 3,
highlighting the sequential stages from data input through pre-processing and model
training to risk scoring and dashboard alert generation.

O
Data

Datalnpul —>» : —» Model Training — Risk Scoring  — Dashboard Alert
Preprocessing

Fig. 3. Al-driven risk assessment pipeline
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3.3 Al-enhanced decision-making in agile projects

The third key theme concerns how Al enhances decision-making capabilities in Agile
teams [46]. Rapid, informed decision-making is essential within Agile methodologies due
to continuous changes in scope and stakeholder demands. Al-driven systems enable Agile
teams to translate large volumes of project data into actionable recommendations [12],
[46].

As illustrated in Table 2, the literature identifies several specific approaches that help
Agile teams reduce reliance on intuition and instead adopt evidence-based practices.
Predictive analytics is extensively applied to simulate project trajectories and anticipate
possible future scenarios [46]- [50]. DSS tools integrate real-time project data with
historical knowledge to recommend optimal paths or resource allocations [33]. Scenario
analysis and simulation techniques allow Agile teams to conduct “what-if” experiments
and explore the impacts of different decisions [49], [50]. NLP further adds value by
extracting critical insights from team communication logs [51], [52].

Table 2. Summary of technologies and their applications in decision-making
Technology Description

Predictive Analytics Analyzing historical data to forecast potential
outcomes, enabling managers to evaluate various
decision paths.

Automated Decision Support | Integrating diverse data sources, these systems

Systems (DSS) provide real-time recommendations by simulating
different scenarios.

Scenario Analysis and "What-if" analyses allow teams to anticipate the

Simulation impact of different decisions and prepare effective
contingencies.

Natural Language Processing | Processing unstructured data from team

(NLP) communications to extract insights that may affect

decision-making.
Note. The technologies listed represent general methodological categories commonly
reported in the reviewed literature. They are not specific to any proprietary software
products.

The literature consistently reports key benefits of Al-enhanced decision-making in
Agile settings, including faster and more accurate decisions [47], [48], greater
recommendation reliability through data triangulation [46], enhanced risk anticipation
via simulations [49], [50], and reduced cognitive bias through algorithmic objectivity [51],
[52]. However, multiple studies note that data quality, model explainability, and
organisational trust in automated recommendations remain critical prerequisites for
effective adoption [44].

3.4 Challenges and barriers to Al adoption

Despite the numerous reported benefits, integrating Al technologies into Agile IT
project management remains complex and presents several challenges. The literature
identifies four broad categories of barriers: technical, organisational, cultural, and
economic (summarised in Table 3) [44], [53]- [58].

Technical issues include poor data quality, incomplete datasets, and the presence of
legacy systems that do not integrate effectively with Al platforms [44], [53], [54]. Data
privacy and regulatory compliance, particularly adherence to the General Data Protection
Regulation (GDPR), are also ongoing concerns for organisations implementing Al in Agile
environments [55], [56].
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At the organisational level, common obstacles include resistance to change among
teams accustomed to traditional practices, limited Al expertise within Agile teams, and
concerns over potential job displacement or an over-reliance on automation [12], [36],
[57]. Moreover, reconciling the human-centric principles of Agile with the automated
recommendations provided by Al systems presents a notable cultural alignment
challenge [12], [36], [58].

Economic factors further compound these barriers, as the high costs associated with
software licensing, infrastructure upgrades, staff training, and ongoing maintenance often
discourage smaller organisations from adopting Al technologies [44]. Many studies
advocate for a hybrid approach, whereby human expertise and Al tools operate
collaboratively to maximise decision-making quality and maintain alignment with Agile
principles [12], [36].

Table 3. Summary of reported challenges and barriers to Al adoption in agile IT

project management
Category Key Barriers Reference
Technical and Data- Poor data quality and incomplete [44], [53]-[58]
Related datasets;
legacy system integration issues;
model
interpretability; data privacy concerns
(GDPR compliance)
Organisational and Resistance to change; skill gaps in Al [12], [36], [57],
Cultural expertise; fear of job displacement; [58]
alignment challenges with Agile
principles
Economic and High software and infrastructure costs; [44]
Resource costly
Constraints staff training; ongoing maintenance
and
upgrade burdens

4. Discussions and future directions
This section presents a critical discussion of the findings, focusing on emerging
technological trends, theoretical and practical implications, comparative analysis of Al-
driven and traditional approaches, as well as key limitations and directions for future
research. The synthesis draws from the thematic analysis in Section 3 to provide a
comprehensive evaluation of how Al continues to reshape Agile IT project management.
4.1 Emerging Trends in Al Technologies
The evolving capabilities of Al are creating significant opportunities for its application
within Agile IT project environments. The literature highlights four major trends.
4.1.1 Advanced deep learning and reinforcement learning
Recent research explores the use of novel architectures such as recurrent neural
networks and transformer-based models to enhance predictive accuracy and adaptability
in Agile contexts [34], [55], [59]-[61]. Generative Al has been investigated for automating
sprint planning and backlog creation tasks [34], [55], [59]- [61]. Reinforcement learning
approaches have also been applied to optimise resource allocation and dynamic sprint
strategies, showing promising results for improving project responsiveness [62]-[64].
4.1.2 Explainable Al (XAI)
The increasing complexity of Al models has intensified the demand for transparency and
interpretability. The literature identifies explainable Al (XAI) as a critical research
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priority to ensure that stakeholders can understand and trust Al-driven
recommendations [44], [65]-[67]. XAl methods aim to demystify complex models by
offering insights into how predictions are made, thereby supporting informed decision-
making in Agile project environments. Table 4 summarises leading XAl techniques and
their potential applications in the context of Agile IT project management.

Table 4. Summary of popular explainable Al (XAI) techniques and their potential
applications in agile project management

XAI Technique Description Reference
Shapley Additive Assigns each feature an importance value [68]
Explanations (SHAP) for a given prediction, aiding

understanding of the contributions of
individual variables.

Local Interpretable Approximates complex models with [69]
Model-Agnostic simpler, interpretable models locally
Explanations (LIME) around the prediction to explain

individual outcomes.

Feature Manipulation Systematically alters input features to [70]
observe changes in predictions and
identify key factors influencing model

outputs.
Visualisation Uses decision trees, heatmaps, or partial [71]
Techniques dependence plots to visually illustrate

model behaviour and decision pathways.
4.1.3 Integration with IoT and Big Data
Al's convergence with the Internet of Things (IoT) and big data facilitates more
comprehensive data integration and real-time project monitoring [72]. This development
has the potential to significantly enhance risk detection, task allocation, and performance
tracking within Agile teams.
4.1.4 Hybrid human-AI collaboration
Recent studies indicate a shift towards collaborative systems that combine human
expertise with Al-generated insights [73], [74]. These emerging models aim to optimise
decision-making by balancing automated recommendations with human contextual
understanding.
4.2 Theoretical implications
The convergence of Al and Agile methodologies necessitates the reconsideration of
traditional project management theories. Data-centric decision-making, predictive
analytics, and adaptive learning are disrupting conventional models based on static
planning and expert intuition. Al-driven approaches support continuous forecasting, real-
time risk assessment, and dynamic resource allocation, which contrast sharply with the
rigid phase-based processes of traditional methodologies [79], [80]. However, challenges
such as cultural resistance and the need for significant infrastructural and training
investments remain [13], [16], [75]. The integration of Al into Agile environments also
raises important theoretical questions regarding the balance between human judgement
and algorithmic recommendations, and how this evolving relationship may redefine
established principles of project governance and leadership in future research.
4.3 Practical implications
The practical benefits of Al integration within Agile IT project management are widely
acknowledged across the literature. A primary advantage is enhanced monitoring and
forecasting, where Al-powered dashboards and predictive analytics tools provide
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continuous oversight of project metrics, enabling early identification of potential risks
and bottlenecks before they escalate into critical issues.

In addition, Al facilitates optimised decision-making. Automated decision support
systems minimise reliance on subjective human judgement, thereby improving both the
speed and accuracy of decisions made in response to dynamic project requirements.
These systems allow for timely interventions, ultimately supporting Agile principles of
rapid adaptability and responsiveness to change.

Furthermore, Al-driven models have been shown to improve resource allocation and
risk mitigation. By dynamically reallocating resources based on real-time project data and
generating automated recommendations for risk responses, these tools contribute
significantly to the achievement of overall project objectives and the enhancement of
project performance.

4.4 Comparison of Al-driven and traditional methods
The comparative analysis confirms that Al-driven approaches offer substantial
advantages over traditional methods. Table 5 summarises the core differences.

Table 5 Comparison of Al-driven vs. traditional methods

Aspect Al-Driven Approach Traditional Approach
Data Processing Automated large-scale data Manual data handling
analysis with lower
scalability
Predictive Proactive real-time risk Reliance on historical
Capabilities identification data and
periodic reviews
Decision-Making Data-driven, consistent, and Subjective and prone to
objective human
bias
Response Time and Real-time monitoring and Delayed responses due
Agility rapid intervention to manual
processes
Adaptability Continuously updates and Rigid and slower to
adapts adapt
Implementation Higher technical and cultural Lower complexity but
Complexity challenges limited
scalability
Cost-Efficiency Automation reduces human effort Manual processes
increase

operational costs
Studies report that Al-enhanced Agile teams have achieved superior project outcomes,
such as an 18.3% reduction in sprint completion time and a 23.1% improvement in task
allocation accuracy [33], [76], [77]. Al-driven models also predicted sprint overruns with
81.2% accuracy compared to 59.6% with traditional methods [76].

To provide a visual comparison of these performance aspects, Fig. 4 presents a radar
chart illustrating the relative strengths of Al-driven versus traditional project
management approaches across the seven key performance dimensions summarised in
Table 5. As shown, Al-driven approaches consistently outperform traditional methods in
data processing, predictive capabilities, decision-making consistency, response time, and
adaptability, while traditional methods retain relative simplicity in implementation.
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Fig. 4. Comparison of Al-driven and traditional project management methods

4.5 Limitations and gaps in the Literature

Despite the growing body of research, several gaps and limitations persist within the
currentliterature on Al-driven Agile project management. Firstly, many Al models remain
insufficiently validated against real-world project data, which constrains their practical
applicability and limits their acceptance within industry practice [75]. Additionally, there
is a notable lack of universally accepted evaluation metrics, making it difficult to compare
Al-assisted Agile processes across different industries and contexts [78]. The
effectiveness of Al models also remains highly dependent on the availability and quality
of underlying datasets, with poor data inputs potentially compromising predictive
accuracy and decision-support reliability.

Current research further provides limited comprehensive frameworks capable of fully
integrating Al technologies across multiple project management knowledge areas, such
as risk, cost, scheduling, and stakeholder management. Moreover, there is a scarcity of
longitudinal studies assessing the long-term impacts of Al adoption on project outcomes
and organisational performance, which leaves important questions about sustainability
and scalability unanswered. Finally, the complex interplay between human expertise and
Al-generated recommendations remains underexplored, with little empirical work to
understand how best to optimise collaborative decision-making between human and Al
agents in Agile environments.
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6. A Dynamic Structuration Framework for AI-Enabled Agile Project Management
The thematic analysis uncovers a significant gap in understanding how artificial
intelligence reshapes Agile project ecosystems. While the existing literature discusses
technical applications, it does not address the fundamental changes that occur when Al
becomes a key part of Agile methodologies instead of just a tool. This session seeks to fill
the gap by proposing the Dynamic Structuration Framework (DSF), which combines
Adaptive Structuration Theory (AST) and Dynamic Capabilities Theory (DCT). It provides
crucial insight into the ongoing interaction between Al technologies, organisational
structures, and adaptive abilities in Agile settings. The framework views Al-Agile
integration as a socio-technical co-evolution where human and algorithmic intelligence
support and shape each other.

6.1 Theoretical Foundation and Rationale

The Al-Agile integration represents a paradigm shift, challenging traditional project
management's mechanistic worldview. Accordingto [81], the AST is a crucial framework
that gives critical insights into how teams appropriate technologies through three distinct
patterns: faithful appropriation, where technologies are used as designed, adaptive
appropriation in which technologies are modified to fit local contexts, and ironic
appropriation that entails using technologies in ways that contradict their intended
purpose. These patterns demonstrate how appropriation is fundamentally hermeneutic,
requiring continuous interpretation and negotiation between human practices and
technological capabilities.

The DCT explains provides insight on capability amplification through its focus on
sensing, seizing, and transforming organisational competencies [82]. When combined
with Al technologies, these dynamic capabilities become reconstituted through
algorithmic amplification, acceleration of the decision-making process, as well as an
enhanced ability to anticipate future trends. This proposed DSF essentially addresses
AST's under-specification of capability evolution and the inherent neglect of technological
constitution of the DCT's framework.

6.2 The Dynamic Structuration Framework

The DSF reimagines Al-Agile management as a complex adaptive system with three
recursively interacting dimensions that operate simultaneously to generate emergent
organisational capabilities:

Enhnaced
Technological
Appropriation

Dynamic
Structuration
Framework

Governable Augumented
Collaboration Capability
Patterns Mechanism

Fig. 5. Dynamic Structuration Framework for Al-Enabled Agile Project
Management

6.2.1 Enhanced Technological Appropriation Structures
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The framework's main strength is in seeing technological appropriation as a process
where human interpretation and algorithmic abilities develop together. Nonetheless, it
becomes quite important to have recursive structuring mechanisms in practice, and this
could be a robust feedback loop between Al outputs and human decisions to identify clear
triggers, like sprint review performance thresholds, data pathways, such as Jira-to-ML
pipeline integrations, and validation protocols. During sprint retrospectives, when
velocity metrics differ by a defined amount from predictions, an automated model
retraining using updated task-completion datasets is retriggered. This approach would
undoubtedly shine over the traditional approach by turning abstract structuration cycles
into practical processes.

4

Action

4

eReview and adjust,

Feedback Loop retrain model with
new data

eAl output subjected
Trigger to Human decision

eSprint review
performance
thresholds or
velocity metrics
deviation

Fig. 6. Enhanced Technological Appropriation structures in DSF

6.2.2 Augmented Capability Mechanisms

While the DSF correctly identifies the role of Al in improving capabilities, leaning further
into the distributed cognition theory can provide further insight into augmented dynamic
capabilities, as it provides insight into how cognitive responsibilities move between
human and artificial agents during sensing activities [83]. Consequently, in this
framework, while technologies such as NLP systems always analyse Slack messages for
risk sentiment, product owners are required to keep contextual understanding of the
flagged phrases, ushering a combined thinking or collaborative intelligence where the
shared output from Al-enabled large-scale pattern recognition, and human-based context
provides the shared outputs guide for backlog updates.

6.2.3 Governable Collaboration Patterns

The governance structure in the DSF frameworks effectively tackles ethical issues using
"distributed responsibility matrices," but it needs measurable compliance indicators. As
such, we suggest expanding this with clear audit protocols:

Table 6. Overview of Decision Tiers for the DSF

Decision Tier Human Oversight Algorithmic Transparency
Mechanism
Strategic (release planning) | Ethical review board veto SHAP values for feature
rights importance
Tactical (sprint Product owner LIME local interpretations
prioritisation) explainability sessions
Operational (task Developer adversarial Real-time fairness
assignment) testing monitoring
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The proposed DSF no doubt goes beyond similar theories with its recursive co-evolution
model. However, it needs to address conflicts with sociometrical perspectives. The DSF
clearly shows how algorithmic learning drives capability development through three
reinforcing cycles:

Table 7. Development Cycles of the DSF

State Cycle Description

1 Interpretative cycles Teams understand Al outputs during backlog
grooming

2 Materialization where adapted practices are integrated into
tool settings

3 Validation cycles where results guide model retraining. This

three-part structure resolves the agency
paradox by showing how humans and
algorithms work together to shape Agile
practices instead of just interacting

6.3 Key Theoretical Advances of the DSF

1. Symbiotic Intelligence: Unlike sociomateriality's focus on entanglement [84], DSF
theorises how human-AI collaboration creates new cognitive abilities that surpass the
capabilities of individual components.

2. Recursive Structuration: This concept builds on AST by explaining how Al systems
learn and lead to ongoing structural changes instead of a one-time adjustment.

3. Augmented Dynamic Capabilities: This expands DCT by identifying Al-specific
capability mechanisms [85], such as algorithmic amplification, temporal compression,
and predictive anticipation, which traditional theory cannot clarify.

4. Ethical Co-constitution: This approach tackles the innovation-responsibility conflict
by including ethical safeguards within the theoretical framework instead of seeing them
as separate restrictions.

The framework addresses the agency paradox with "distributed responsibility
matrices,” which are tools that assign accountability for decisions across human-Al
interfaces based on the context and ethical risk levels.

6.4 Practical Implementation Framework
The DSF operationalisation requires focused attention on three connected areas; as such,
the following implementation framework is proposed.

Table 8. Implementation framework for the DSF

Strategy Description
Appropriation Conducting "appropriation retrospectives” to map usage
Strategy patterns from faithful to adaptive to ironic
Development

Hosting workshops that find successful ironic uses for scaling

Building skills for "algorithmic coevolution literacy”

Capability Pair programming sessions with Al code generation tools,
Scaffolding which aligns with [86]

Collaborative human-AlI design thinking workshops for
feature ideas
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Ongoing capability assessments using matrices that track the
development of shared intelligence

Governance Real-time dashboards for monitoring fairness
Instrumentation

Audit trails for algorithms to ensure accountability in
decisions

The framework emphasises that successful implementation requires moving beyond
simple technology adoption to fundamental organisational transformation that addresses
appropriation strategies, capability development, and governance innovation
simultaneously.

6.6 Empirical Validation Protocol
Future research must adopt novel methodologies to capture the dynamic properties of
Al-enabled organisational transformation:

Table 9. Validation Framework for Core Constructs

Construct Measurement Approach Validation Metric
Appropriation Observed adaptation frequency Ratio of ironic to faithful
Maturity across faithful/adaptive/ironic appropriation instances per
patterns sprint cycle

Augmented Risk detection latency comparison | Time-to-awareness differential
Sensing between Al-augmented and for emerging project risks
traditional approaches

Governance Perceived accountability and trust
Legitimacy in hybrid decision-making
processes

We also propose the following hypotheses for empirical validation:

Table 10 Hypothesis for empirical validation
Hypothesis Overview

Hi Teams with higher rates of ironic appropriation will show better
innovation outcomes due to improved sensing abilities.

H» Implementing governance tools will predict improvements in ethical
compliance without slowing down sprint speed.

H3 Progressing through appropriation phases will relate to the growth
of capabilities and better performance.

These propositions provide concrete directions for empirical research while maintaining
theoretical rigour and practical relevance.

6.7 Limitations and Future Extensions

Despite the framework's potential to fill the gaps in the systematic review, it is important
to note that the framework was developed mainly from literature in Western
organisational contexts, which inherently possesses a limitation in terms of
generalizability in different cultural settings. Beyond this, the focus is on machine learning
and natural language processing applications; as such, new technologies might require
adjustments to the framework.
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It is also important to mention that the framework requires advanced Al development
processes and good data management. Beyond this, it relies on psychological safety,
which allows for experimentation and appropriate use. Furthermore, it shows the
strongest effects after several rounds of adjustment and learning.

Future Research Priorities
1. Cross-cultural Validation: Examining how the framework applies in collectivist and
individualist cultures and various regulatory settings.
2. Generational Analysis: Investigating how new generative Al tools speed up the
development of capabilities beyond current theories.
3. Sector-specific Adaptations: Creating different framework versions for regulated
industries with varying risk levels and compliance needs.
The framework's theoretical contributions lay the groundwork for further development
as Al technologies and organisational practices evolve together.

6.8 Conclusion
This thematic analysis argues that the potential of Al in Agile risk and decision assessment
depends on rethinking the Al-Agile relationship beyond just tool adoption. The proposed
Dynamic Structuration Framework (DSF), connects adaptive structuration and dynamic
capability theories to address the interaction between Al tools, Agile processes, and
organisational learning. This framework sees Al as a driver for joint evolution, turning
static risk models into dynamic systems shaped by iterative feedback and flexible
governance. We believe that effective Al integration involves developing organisational
skills, ongoing adaptation, teamwork in understanding, and ethical oversight, supported
by the DSF. The innovation lies in viewing Al adoption as a journey to build capabilities,
emphasising human judgment and adaptability. Future efforts should focus on this
collaborative evolution, ensuring Al enhances, rather than replaces, agile’s fundamental
responsiveness in changing project environments.
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