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Abstract - Agile software product development takes place in environments characterised by 
changing requirements, complex technical dependencies, cybersecurity concerns, resource 
constraints, and continuous pressure for rapid delivery. Although risk management is essential in 
such environments, existing practices are frequently fragmented, reactive, and dependent on the 
individual experience of product and delivery professionals. This paper proposes ARM-AI, a human-
centred conceptual framework for integrating artificial intelligence into risk management activities 
throughout the software product lifecycle. The framework is designed to support, rather than 
replace, professional judgement by assisting teams in identifying emerging risks, organising 
relevant information, evaluating risk priority, recommending response alternatives, and 
monitoring changes over time. ARM-AI consists of four interconnected layers: organisational and 
project context, AI-assisted risk analysis, human decision and governance, and continuous learning 
and feedback. The framework also defines the responsibilities of Product Owners, Product Leads, 
Delivery Managers, technical specialists, stakeholders, and AI-enabled support mechanisms. 
Particular attention is given to transparency, explainability, accountability, data quality, and the 
prevention of excessive reliance on automated recommendations. The contribution of the paper is a 
structured and adaptable model that connects artificial intelligence capabilities with established 
risk management and Agile governance practices. As the proposed framework is conceptual, the 
paper does not report experimental or organisational performance data. Future research should 
validate ARM-AI through expert evaluation, case studies, and controlled implementation in real 
software development environments. The framework may provide a foundation for organisations 
seeking to introduce AI-supported decision-making while maintaining effective human oversight 
and clear managerial responsibility. 
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1. Introduction  
1.1 Context of Agile Software Product 
Development 
 

Risk management is broadly defined as the 
coordinated set of activities and methods that an 
organisation uses to identify, assess, and treat 
sources of uncertainty that may affect the 
achievement of its objectives [1]. In Agile software 

product development, this generic logic operates 
within an environment characterised by iterative 
delivery cycles, evolving requirements, cross-
functional collaboration, and continuous pressure to 
shorten time to market, conditions that are further 
complicated when delivery spans multiple teams, 
vendors, or cloud-based infrastructures [2].  

Because Agile teams distribute planning and 
prioritisation decisions across multiple roles and 
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short delivery cycles, risk-related information tends 
to be generated locally, at the level of individual 
sprints or product increments, and is not always 
consolidated into a coherent organisational picture 
[3]. Layers of risk exposure, spanning technical, 
organisational, and strategic levels, therefore need to 
be addressed concurrently rather than sequentially, 
which complicates traditional, document-centric risk 
management approaches [4]. 
 

1.2 Current Challenges in Risk Management 
 

Current risk management practice in Agile 
software product development is frequently 
reported as fragmented across tools, backlogs, and 
informal conversations, reactive rather than 
anticipatory, and dependent on the individual 
experience of Product Owners, Delivery Managers, 
and senior engineers rather than on a shared 
organisational method [2], [3]. When delivery is 
distributed across several teams or scaled through 
frameworks that coordinate multiple Agile teams, 
these fragmentation effects tend to be amplified, 
since risks originating in one team or layer of the 
organisation may not be visible to decision-makers 
responsible for related but separately managed 
workstreams [4]. This combination of fragmentation, 
limited traceability, and uneven documentation 
makes it difficult to sustain a consistent view of risk 
exposure across a product's lifecycle. 
 

1.3 Opportunities and Limitations of 
Artificial Intelligence 
 

Interest in applying artificial intelligence to 

project and product management activities has 

grown considerably in recent years, with systematic 

reviews documenting an expanding body of work on 

AI-enabled planning, estimation, and monitoring 

support [5]. Forward-looking analyses similarly 

suggest that AI may influence several project 

management knowledge areas, including risk, 

schedule, and communication management, by 

supporting information processing tasks that would 

otherwise depend entirely on manual effort [6]. At 

the same time, systematic evidence on the practical 

integration of AI into software project planning 

highlights persistent limitations, including data 

quality constraints, organisational readiness gaps, 

unclear accountability for AI-informed decisions, and 

limited practitioner trust in automated outputs [7]. 

These findings suggest that the opportunity 

presented by AI is real but conditional on 

governance and human oversight mechanisms that 

are not yet consistently addressed in the existing 

literature. 

1.4 Research Gap 
 

A growing stream of work considers how AI 
techniques might support risk analysis more 
broadly, for example by assisting with the 
identification of patterns and dependencies in 
complex risk landscapes [8]. Closer to the present 
context, the TAI-PRM framework proposes a 
structured way of blending trustworthy AI principles 
with project risk management for Industry 5.0 
manufacturing settings [9]. While TAI-PRM 
demonstrates that trustworthy AI principles can be 
operationalised within a project risk management 
structure, it is not designed for the iterative, role-
distributed, and continuously evolving context of 
Agile software product development, and it does not 
explicitly formalise a layered human decision and 
governance structure oriented towards Agile roles 
and ceremonies. To the knowledge of the authors, no 
existing conceptual framework simultaneously (a) 
targets Agile software product development 
specifically, (b) treats AI strictly as a decision-
support mechanism embedded within a human-in-
the-loop structure, and (c) defines explicit 
governance, explainability, and accountability 
mechanisms alongside a proposed organisational 
adoption roadmap. This gap motivates the 
conceptual framework proposed in this paper. 
 

1.5 Research Objective, Research Questions, 
and Contribution of the Paper 
 

The objective of this paper is to develop and 
describe ARM-AI, a human-centred conceptual 
framework that structures how artificial intelligence 
capabilities can be organised, governed, and applied 
to support, rather than replace, human judgement in 
identifying, consolidating, classifying, prioritising, 
and monitoring risks throughout the Agile software 
product lifecycle, while preserving human authority, 
responsibility, and accountability over all final 
decisions. 

The paper is guided by three research questions: 
RQ1: How can artificial intelligence capabilities 

be integrated into a human-centred risk 
management framework for Agile software product 
development? 

RQ2: What components, roles, and information 
flows are required to ensure effective human 
oversight within an AI-assisted risk management 
process? 

RQ3: What governance principles and 
implementation stages are necessary for the 
responsible organisational adoption of the ARM-AI 
framework? 

The contribution of the paper is twofold. First, it 
synthesises literature from risk management, Agile 
software development, product management, 
decision-support systems, explainable artificial 
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intelligence, human-in-the-loop systems, and AI 
governance into a single structured framework. 
Second, it proposes a concrete organisational 
vocabulary, comprising four framework layers, ten 
conceptually supported risk-related activities, 
defined roles and responsibilities, and a phased 
adoption roadmap, that can serve as a reference 
point for future empirical validation and 
organisational experimentation. 

 

2. Theoretical Background 
2.1 Risk Management in Software and 
Product Development 
 

Responsibility for risk-related decisions in 

software product development is typically 

distributed across several roles rather than 

concentrated in a single risk function. Product 

Owners are expected to balance value delivery with 

technical and delivery constraints, a balancing act 

that becomes more demanding as organisations 

scale Agile practice across multiple teams and 

coordinate ownership decisions at a programme 

level [10]. Studies of how the Product Owner role 

evolves when organisations adopt scaled Agile 

frameworks show that owners must adapt their 

practices to increasingly complex governance and 

dependency structures, which directly affects how 

product-related risks are surfaced and prioritised 

[11]. Complementing this perspective, empirical 

work on the Scrum Master role emphasises the 

function's contribution to process facilitation, 

impediment removal, and coordination across teams, 

all of which are closely related to how operational 

risks are detected and communicated in practice 

[12]. 

 

2.2 Risk Management in Agile Environments 
 

Beyond individual roles, empirical accounts of 
risk management in scaled Agile environments 
describe deliberate efforts to introduce lightweight, 
iteration-aligned risk practices without reverting to 
heavyweight, document-driven processes [13]. 
These accounts reinforce the observation, 
introduced above, that risk information in Agile 
settings is naturally distributed across teams, 
sprints, and delivery layers [3], and that this 
distribution can either be treated as an obstacle to 
consolidated risk visibility or, if properly structured, 
used as a source of richer, more contextual risk 
information [4]. This tension between distributed 
information and the need for a coherent 
organisational view is a central concern that the 
ARM-AI framework proposed in this paper is 
designed to address. 

2.3 Artificial Intelligence as a Decision-
Support Mechanism 
 

Within the framework proposed in this paper, 
artificial intelligence is conceptualised strictly as a 
decision-support mechanism: a set of capabilities 
that can consolidate information, surface patterns, 
and generate candidate recommendations, without 
independently authorising actions or bypassing 
human evaluation. This framing is consistent with 
broader discussions of how AI can be applied to risk 
analysis tasks that traditionally required extensive 
manual effort, such as scanning large volumes of 
unstructured information for early risk indicators 
[8]. It also reflects the conditional nature of AI's 
contribution to project and product management 
activities noted in systematic reviews of the field, 
where the value of AI support depends heavily on 
data quality, organisational context, and the 
presence of appropriate human oversight structures 
[5], [7]. Framing AI as decision-support rather than 
as an autonomous decision-maker is therefore not 
only an ethical or governance preference; it is also 
consistent with the current state of evidence 
regarding the reliability of AI-generated 
recommendations in complex organisational settings [9]. 
 

2.4 Human-Centred and Explainable 
Artificial Intelligence 
 

Explainable artificial intelligence (XAI) is 
concerned with making the reasoning behind AI-
generated outputs interpretable to the people who 
must act on them. Recent surveys distinguish 
between different families of explainability 
techniques and the trade-offs they present between 
fidelity, simplicity, and computational cost [14]. 
Complementary surveys similarly catalogue the 
range of approaches available for producing 
explanations across different classes of AI models, 
underlining that no single technique is universally 
suitable [15]. From a user-centred perspective, 
however, the value of an explanation depends less on 
its technical sophistication than on whether it helps 
the intended user make a better decision, a point 
that has motivated calls for explainability research to 
more directly engage with the needs of specific 
professional audiences [16]. 

This user-centred concern connects directly to 
the broader literature on human-AI decision making, 
which examines how the presence of an AI 
recommendation changes the quality, speed, and 
consistency of human judgement [17]. Human-in-
the-loop approaches, in which humans retain review 
and intervention rights over automated outputs, 
have been proposed as a way of preserving 
accountability while still benefiting from AI-
generated support, although empirical evidence 
indicates that simply inserting a human reviewer 
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does not automatically guarantee improved decision 
quality, and can in some conditions reduce the 
accuracy of the final decision relative to fully 
automated processing [18]. A broader survey of 
human-in-the-loop machine learning practices 
further shows that the design of the interaction, not 
merely its presence, determines whether human 
oversight adds genuine value [19]. Design 
mechanisms such as cognitive forcing functions, 
which deliberately require the user to engage 
analytically with a recommendation before accepting 
it, have been shown in controlled studies to reduce 
overreliance on AI-generated suggestions [20]. 
Conversely, research on automation bias and 
selective adherence documents a persistent 
tendency for decision-makers to follow algorithmic 
recommendations that align with their prior 
expectations while dismissing those that do not, 
which can undermine the intended checks-and-
balances role of human review [21]. Related 
experimental work on the impact of AI errors within 
human-in-the-loop processes shows that the way 
errors are presented and reviewed materially affects 
whether human oversight actually corrects them 
[22]. Taken together, this literature indicates that 
human-centred design choices, rather than the mere 
presence of a human reviewer, determine whether 
an AI-assisted process remains genuinely human-
governed. 

 

2.5 AI Governance, Accountability, and 
Responsible Use 
 

Formal guidance for governing AI systems has 
matured considerably in recent years. The NIST AI 
Risk Management Framework provides a voluntary, 
function-based structure, organised around 
governing, mapping, measuring, and managing AI 
risk, that organisations can adapt to their own 
context [23]. ISO/IEC 42001 complements this 
guidance with a certifiable management-system 
standard for organisations that develop, provide, or 
use AI-based products and services, establishing 
requirements for policies, roles, and continual 
improvement processes [24]. At a more conceptual 
level, responsible AI has been described as a practice 
that must move from high-level principles towards 
concrete organisational routines if it is to influence 
real decision-making [25], a transition that a recent 
systematic review of responsible AI governance 
literature finds to be uneven across sectors and 
organisational maturity levels [26]. Related work on 
human-centricity in AI governance argues that 
governance structures should be designed around 
the needs, capabilities, and accountability of the 
humans who interact with AI systems, rather than 
treating human oversight as an afterthought bolted 
onto a primarily technical system [27]. A recently 
proposed roadmap for responsible AI systems 
similarly emphasises the interdependence of domain 

definition, trustworthy AI design, auditability, and 
governance as components that must be designed 
together rather than in isolation [28]. Finally, legal 
analyses of hybrid human-AI decision-making in 
public administration highlight that accountability 
cannot be meaningfully assigned unless the 
respective contributions of the AI component and 
the human decision-maker are clearly documented 
and traceable [29]. These governance perspectives 
collectively inform the design principles adopted for 
the ARM-AI framework in Section 4. 
 

3. Research Approach 
 
This paper adopts a conceptual and literature-
informed research approach rather than an 
empirical or experimental one. The ARM-AI 
framework was developed through a conceptual 
synthesis of theoretical and applied literature drawn 
from several adjacent fields, including risk 
management, Agile software development, software 
product management, project governance, decision-
support systems, explainable artificial intelligence, 
human-in-the-loop systems, responsible AI, and AI 
governance. Concepts, principles, and structural 
elements identified in this literature were 
interpreted, reorganised, and integrated through an 
interdisciplinary analysis process aimed at 
framework construction rather than empirical 
testing. 

It is important to clarify that this research 
approach does not constitute a systematic literature 
review in the methodological sense. No formal 
database search protocol, inclusion or exclusion 
criteria, PRISMA-style screening process, or 
bibliometric analysis was applied, and no 
quantitative synthesis of reviewed publications is 
reported. The literature cited throughout this paper 
was instead selected and organised through targeted 
conceptual synthesis and theoretical integration, 
with the explicit purpose of grounding the proposed 
framework in verifiable, peer-reviewed, and 
institutional sources rather than producing a 
exhaustive mapping of the underlying research 
fields. 
 

4. The Proposed ARM-AI Framework 
4.1 Definition and Purpose of ARM-AI 
 

ARM-AI (AI-Assisted Risk Management for Agile 
software product development) is defined in this 
paper as a human-centred conceptual framework 
that structures the way artificial intelligence 
capabilities are organised, governed, and applied to 
support, and not replace, human judgement in the 
identification, consolidation, classification, 
prioritisation, and monitoring of risks across the 
Agile product lifecycle, while keeping decision 
authority, traceability, and accountability with 
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designated human roles at every stage. The purpose 
of the framework is not to automate risk 
management decisions, but to structure how AI-
generated analysis, human review, and 
organisational learning can be connected in a way 
that is transparent, explainable, and auditable. 
 

4.2 Design Principles 
 

The design of ARM-AI is guided by nine 
principles. Human control requires that AI-
generated outputs remain recommendations subject 
to review rather than binding decisions. 
Transparency and explainability require that the 
basis for a recommendation be communicable to the 
responsible human role, consistent with user-
centred explainability research [16]. Traceability 
requires that both AI-generated inputs and the 
resulting human decisions be recorded in a form that 
supports later review, in line with legal analyses of 
accountability in hybrid decision-making [29]. 
Accountability requires that responsibility for final 
decisions remain with designated human roles, 
never with the AI component itself. Adaptability 
requires that the framework be applicable across 
different organisational sizes, product types, and 
delivery models. Data quality requires that AI-
assisted analysis be understood as conditional on the 
completeness and reliability of its inputs, echoing 
evidence on the limitations of AI adoption in 
software project planning [7]. Proportionality 
requires that the intensity of governance controls be 
matched to the significance of the risk under 
consideration. Finally, security and privacy require 
that risk-related information be processed in 
accordance with applicable data protection and 
information security requirements, consistent with 
the management-system obligations described in 
ISO/IEC 42001 [24]. 
 

4.3 Organisational and Project Context Layer 
 
The Organisational and Project Context Layer 
provides the contextual grounding on which AI-
assisted analysis and human governance depend. It 
encompasses product objectives and success criteria, 
stakeholder expectations, organisational constraints 
such as budget and staffing, technical architecture 
and its documented dependencies, delivery 
dependencies between teams or external suppliers, 
applicable regulatory requirements, cybersecurity 
considerations, available resources, and relevant 
historical project information. This layer does not 
perform analysis; it defines the boundary conditions 
within which the AI-Assisted Risk Analysis Layer 
operates and against which the Human Decision and 
Governance Layer interprets recommendations. 
 
 

4.4 AI-Assisted Risk Analysis Layer 
 

The AI-Assisted Risk Analysis Layer conceptually 

supports several activities: consolidating risk-related 

information originating from multiple sources such 

as backlogs, incident records, and technical 

documentation; assisting in the identification of 

candidate risks; supporting classification of risks 

into categories; detecting recurring patterns across 

historical project information; helping identify 

dependencies between risks; providing prioritisation 

support based on defined criteria; generating 

candidate mitigation alternatives for human 

consideration; and supporting continuous 

monitoring of changes in risk exposure. These 

capabilities correspond conceptually to the broader 

potential of AI to support pattern recognition and 

information processing in risk analysis contexts [8], 

and to the conditional opportunities documented for 

AI in project management more generally [5], [6]. 

Consistent with the strict research integrity 

requirements of this paper, none of these capabilities 

is presented as already implemented, tested, or 

empirically validated within ARM-AI; they are 

described as conceptual functions that a future 

implementation of the framework would need to 

realise and evaluate. 

 

4.5 Human Decision and Governance Layer 
 

The Human Decision and Governance Layer is 

where designated human roles evaluate AI-

generated recommendations, add contextual 

knowledge that the AI component may not have 

access to, accept, reject, or modify recommendations, 

approve risk responses, assign ownership for 

mitigation actions, record the rationale for decisions, 

and remain accountable for outcomes. The design of 

this layer draws directly on human-in-the-loop and 

human-AI decision-making literature. Because 

evidence shows that automation bias and selective 

adherence can weaken the effectiveness of human 

review [21], and that the presence of a human 

reviewer does not by itself guarantee improved 

decision quality [18], [19], ARM-AI's governance 

layer is expected to incorporate design elements 

such as structured justification requirements and 

periodic escalation triggers, conceptually informed 

by evidence on cognitive forcing functions that 

encourage more deliberate engagement with AI-

generated recommendations [20] and on how errors 

surface within human-in-the-loop processes [22]. 
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4.6 Continuous Learning and Feedback 
Layer 
 
The Continuous Learning and Feedback Layer 
conceptually supports the incorporation of outcomes 
from human decisions, mitigation actions, and 
observed project developments into future AI-
assisted analysis, so that recurring risk patterns and 
previously effective responses can inform later 
recommendations. This layer is intended to operate 
within the boundaries of applicable data governance 
and privacy requirements and under continued 
human oversight, consistent with the management-
system obligations for continual improvement 
described in ISO/IEC 42001 [24] and with the 
broader governance concern that feedback 
mechanisms should not erode human accountability 
over time [26]. 
 

4.7 Information Flow Between Framework 
Layers 
 

Information flows through ARM-AI in a cyclical 
pattern rather than a linear one. Contextual 
information from the Organisational and Project 
Context Layer feeds the AI-Assisted Risk Analysis 
Layer, which generates candidate recommendations 
for the Human Decision and Governance Layer. 
Human decisions, approvals, and documented 
rationales generated in that layer are then captured 
by the Continuous Learning and Feedback Layer, 
which in turn updates the organisational and project 
context available for the next analysis cycle. Table 2 
summarises the primary function of each layer 
together with the nature of AI and human 
involvement, and Figure 1 illustrates the overall 
cyclical architecture described above. 
 

Table 2. Components and functions of the ARM-AI framework 

Layer Primary function Nature of AI / human involvement 

Organisational and Project 
Context Layer 

Supplies contextual information 
(objectives, constraints, 

architecture, dependencies, resources) 
Human-maintained; no AI analysis 

AI-Assisted Risk Analysis 
Layer 

Consolidates information; supports 
identification, 

classification, and prioritisation of 
risks 

AI-assisted; generates candidate 
recommendations only 

Human Decision and 
Governance Layer 

Reviews, modifies, approves, or rejects 
recommendations; 

assigns ownership; records rationale 

Human-controlled; retains final 
authority and accountability 

Continuous Learning and 
Feedback Layer 

Captures outcomes of decisions and 
actions to inform 

future analysis cycles 

Human-governed with AI-assisted 
consolidation 

 

 
Figure 1: Overall architecture of the ARM-AI framework, showing the cyclical flow among the four layers and 

distinguishing AI-supported elements from human-controlled elements 
 

5. Risk Categories Addressed by ARM-AI 
 
ARM-AI is intended to conceptually support the 
identification and monitoring of risks across several 
categories relevant to Agile software product 

development: product risks related to market fit and 
value delivery; project and delivery risks related to 
schedule and scope; technical risks related to 
implementation quality; architectural risks related to 
structural design decisions and their long-term 
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consequences [4]; cybersecurity risks; operational 
risks affecting day-to-day delivery; organisational 
risks related to structure, staffing, and governance; 
stakeholder and communication risks; compliance 
and regulatory risks; and external dependency risks 
involving third parties, suppliers, or shared 
infrastructure [2].  

Table 1 summarises these categories together with a 
short description and illustrative, non-empirical 
examples of the kind of situations each category may 
encompass. These categories are not presented as an 
exhaustive taxonomy but as a starting structure that 
organisations may adapt to their own product and 
delivery context. 
 

Table 3. Main categories of risks addressed by ARM-AI 
Risk category Description Illustrative examples 

Product risks 
Risks affecting product value and 

market fit 

Misalignment with user needs; 
unclear 

value proposition 
Project and delivery 

risks 
Risks affecting schedule, scope, and 

delivery commitments 
Delayed dependencies; scope 

volatility 

Technical risks 
Risks affecting implementation 

quality 
and technical feasibility 

Unresolved technical debt; 
integration 
difficulties 

Architectural risks 
Risks related to structural design 
decisions and their consequences 

Scalability constraints; coupling 
between 

components 

Cybersecurity risks 
Risks related to security of systems 

and 
data 

Unpatched vulnerabilities; insecure 
data 

handling 

Operational risks 
Risks affecting day-to-day delivery 

activities 
Resource unavailability; tooling 

failures 

Organisational risks 
Risks related to structure, staffing, 

and 
governance 

Unclear ownership; staffing gaps 

Stakeholder and 
communication risks 

Risks related to alignment and 
information flow among 

stakeholders 

Conflicting priorities; delayed 
feedback 

Compliance and 
regulatory risks 

Risks related to legal and regulatory 
obligations 

Data protection requirements; 
industry 

standards 

External dependency 
risks 

Risks involving third parties, 
suppliers, 

or shared infrastructure 

Vendor delays; shared platform 
outages 

 

6. Roles and Responsibilities 
 
ARM-AI defines responsibilities across a set of 

human roles and one AI-assisted component, 

reflecting the distributed nature of decision-making 

already established as a feature of Agile product 

development [10], [11]. The Product Owner is 

expected to weigh AI-generated risk information 

against product value and stakeholder priorities; the 

Product Lead to align risk-related decisions with the 

broader product strategy; the Delivery Manager to 

coordinate mitigation actions across teams; and the 

Scrum Master to facilitate the surfacing and 

discussion of risks within Agile ceremonies, 

consistent with the coordination-oriented view of 

the role documented in the literature [12].  

The development team, software architects, and 

technical, cybersecurity, and compliance specialists 

are expected to validate the technical plausibility of 

AI-generated recommendations within their respective 

domains, while business stakeholders and 

organisational leadership retain approval authority 

for risks with strategic or organisational significance. 

Table 3 clarifies the primary responsibility 

associated with each role, distinguishing between 

generating recommendations, validating 

recommendations, approving decisions, 

implementing mitigation actions, monitoring 

outcomes, and maintaining accountability. 

Consistent with the framework's design principles, 

the AI-assisted decision-support component is 

limited to generating candidate recommendations 

and is not assigned moral, legal, or managerial 

accountability for any outcome; this distinction 

follows directly from legal analyses showing that 

accountability in hybrid decision-making must 

remain traceable to identifiable human roles [29], 

and from evidence that unclear responsibility 

allocation is itself a source of governance risk in 

automation-supported decision environments [21]. 
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Table 3. Human roles and responsibilities within the 
ARM-AI framework 

Role Primary responsibility 

Product Owner 
Weighs risk information against 

product value and 
stakeholder priorities 

Product Lead 
Aligns risk-related decisions with 

product strategy 

Delivery Manager 
Coordinates mitigation actions 

across teams 

Scrum Master 
Facilitates surfacing and 
discussion of risks within 

Agile ceremonies 

Development team 
Validates technical plausibility of 

recommendations 

Software architects 
Assesses architectural 

implications of identified risks 
Technical, 

cybersecurity, and 
compliance 
specialists 

Validates domain-specific 
recommendations 

Business 
stakeholders 

Provides approval for risks with 
strategic significance 

Organisational 
leadership 

Provides oversight and 
resourcing decisions 

AI-assisted 
decision-support 

component 

Generates candidate 
recommendations only; holds no 

moral, legal, or managerial 
accountability 

 

7. Integration into the Agile Product 
Lifecycle 

 
ARM-AI is intended to be integrated into existing 
Agile product lifecycle activities rather than 
operating as a separate process running alongside 
them. Conceptually, AI-assisted risk information 
could inform product discovery and strategy 
discussions by surfacing early technical or market 
signals; roadmap development and release planning 
by highlighting dependency and delivery risks; 
backlog refinement and sprint planning by flagging 
items with elevated technical or operational risk; 
daily delivery activities and dependency 
management by supporting the timely escalation of 
emerging issues; and sprint review, retrospective, 
release preparation, and post-release monitoring by 
consolidating observed outcomes for organisational 
learning. This pattern of integration is consistent 
with empirical accounts of introducing lightweight, 
iteration-aligned risk practices into scaled Agile 
environments without reverting to heavyweight, 
document-driven processes [13], and with broader 
evidence that risk-related activity in Agile settings is 
most effective when embedded within, rather than 
layered on top of, existing delivery rhythms [3], [4]. 

A central design requirement is that this 
integration should not create unnecessary 
bureaucracy or replace existing Agile events; ARM-AI 
is intended to inform the content of existing 
ceremonies, such as sprint planning or 

retrospectives, rather than introduce new 
mandatory meetings. Figure 2 illustrates this 
proposed integration by mapping ARM-AI 
touchpoints onto a representative Agile product 
lifecycle. 

 
Figure 2: Proposed integration of ARM-AI touchpoints into a 
representative Agile product lifecycle, without introducing 

new mandatory ceremonies 
 

8. Governance, Explainability, and 
Ethical Considerations 

 
Effective governance of ARM-AI depends on 
maintaining human oversight over every AI-
generated recommendation and on ensuring that the 
basis for each recommendation is explainable to the 
responsible human role, drawing on established XAI 
research on making AI-generated outputs 
interpretable to their intended users [14], [15], [16]. 
Governance practices consistent with the NIST AI 
Risk Management Framework's governing, mapping, 
measuring, and managing functions [23], and with 
the management-system requirements described in 
ISO/IEC 42001 [24], would need to be adapted to the 
specific context of Agile software product 
development rather than applied generically. 

Data quality, algorithmic bias, privacy, 
information security, and access control are 
recurring concerns for any AI-assisted process and 
are treated in ARM-AI as governance requirements 
rather than as afterthoughts, consistent with the 
argument that responsible AI must operate through 
concrete organisational routines [25] and that 
governance maturity in practice remains uneven 
across contexts [26]. 

Overreliance on automated recommendations 
and automation bias represent a further governance 
risk. Evidence on cognitive forcing functions 
suggests that deliberately requiring analytical 
engagement before accepting a recommendation can 
reduce overreliance [20], while research on selective 
adherence shows that decision-makers may 
otherwise favour recommendations that confirm 
their expectations [21]; mechanisms for challenging 
or escalating AI-generated recommendations are 
therefore treated as a necessary governance feature 
rather than an optional addition, particularly given 
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evidence that the handling of AI errors within 
human-in-the-loop processes materially affects 
whether such errors are actually corrected [22]. 

Finally, responsibility allocation, regulatory 
compliance, and periodic human review are treated 
as ongoing governance obligations rather than one-
time design choices, in line with the human-centred 
governance perspective [27] and the roadmap for 
responsible AI systems that emphasises the 
interdependence of governance, auditability, and 
accountability [28]. Figure 3 depicts the human-in-
the-loop decision and governance process 
underlying these considerations, distinguishing the 
AI-supported analytical step from the human 
decision, escalation, and documentation steps that 
follow it. 

 

 
Figure 3: Human-in-the-loop decision and governance 

process, distinguishing the AI-supported analytical step from 
human decision, escalation, and documentation steps 

 
9. Proposed Implementation Roadmap 
 
This section proposes a conceptual, non-empirical 
organisational implementation roadmap for ARM-AI. 
The roadmap is intended as a structured starting 
point for organisations considering adoption of the 
framework and does not describe stages that have 
already been carried out; no organisation is reported 
in this paper to have implemented any part of ARM-
AI. The roadmap comprises ten stages, summarised 
in Table 4, grouped conceptually into three broader 
phases: assessment and design, pilot and validation, 
and adoption and evaluation. This phased structure 
is broadly consistent with the incremental, feedback-
oriented approach documented for introducing risk 

practices into scaled Agile environments [13] and 
with governance guidance that treats responsible AI 
adoption as an iterative rather than a one-off 
exercise [26], [28]. Figure 4 presents these ten stages 
positioned within the three adoption phases. 
 

Table 4. Proposed stages for organisational 
implementation of ARM-AI 

Stage Description 
1. Organisational 

readiness 
assessment 

Assess organisational and 
technical readiness for AI-
assisted risk management 

2. Definition of risk 
categories 

and 
responsibilities 

Define applicable risk categories 
and assign role responsibilities 

3. Identification of 
relevant 

information 
sources 

Identify data and information 
sources available for risk analysis 

4. Establishment of 
data 

governance 
requirements 

Define data quality, privacy, and 
security requirements 

5. Selection of a 
limited pilot 

context 

Select a bounded product or team 
context for initial piloting 

6. Human 
validation of 
AI-generated 

recommendations 

Establish review procedures for 
AI-generated outputs 

7. Definition of 
governance and 

escalation controls 

Define escalation paths and 
accountability mechanisms 

8. Evaluation of 
usability, trust, 

and organisational 
fit 

Assess practitioner usability, 
trust, and organisational fit 

9. Gradual 
organisational 

adoption 

Extend adoption incrementally 
beyond the initial pilot 

10. Periodic 
framework 

evaluation and 
adjustment 

Review and adjust the framework 
based on accumulated experience 

 

 
Figure 4: Proposed organisational adoption roadmap for 

ARM-AI, grouping the ten implementation stages into three 
broader phases 
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10. Discussion 
 
As a conceptual framework, ARM-AI may support 
several potential organisational benefits, although 
none of these are demonstrated empirically in this 
paper. The framework could contribute to improved 
risk visibility by consolidating information that 
would otherwise remain fragmented across teams 
and tools [3]. It is expected to support greater 
consistency in risk-related activities across teams by 
structuring the same four-layer process regardless of 
team size or context. Earlier identification of 
emerging risks and more structured communication 
of risk information to relevant decision-makers are 
further plausible conceptual outcomes, consistent 
with the pattern-recognition potential attributed to 
AI in risk analysis contexts [8]. The framework also 
conceptually enables improved traceability of 
decisions, given its explicit design emphasis on 
documentation and accountability [29], and may 
contribute to stronger organisational learning 
through its Continuous Learning and Feedback 
Layer. Finally, the explicit role structure proposed in 
Section 6 has the potential to provide a clearer 
distribution of responsibilities than is typically 
documented in current fragmented practice. These 
potential contributions require future empirical 
validation before any claim of actual improvement 
can be made. 

Several plausible barriers could limit the 
adoption or effectiveness of ARM-AI in practice. Poor 
data quality and fragmented information systems 
could constrain the reliability of AI-assisted analysis, 
echoing documented limitations of AI adoption in 
software project planning [7]. Limited trust in AI-
generated recommendations, resistance to 
organisational change, and insufficient AI literacy 
among relevant roles may slow adoption regardless 
of the framework's technical design. Integration 
difficulties with existing tools and processes, lack of 
explainability in underlying AI components, unclear 
responsibility allocation, and privacy or security 
concerns represent additional plausible barriers, 
consistent with concerns raised throughout the 
responsible AI governance literature [26], [27]. 
Excessive dependence on automated 
recommendations, discussed in Section 8 in relation 
to automation bias [21], is a further barrier that 
governance mechanisms within ARM-AI are 
specifically designed to address, although their 
effectiveness in practice has not been tested. 

 

11. Limitations and Future Research 
 

This paper presents ARM-AI as a conceptual 
framework only. It has not yet been empirically 
validated in any organisational setting. No 
organisational dataset was analysed, no real 
software development project was evaluated, and no 

survey or interview study was conducted in support 
of this paper. Consequently, no quantitative 
performance improvement, whether expressed in 
terms of time, cost, quality, predictability, or risk 
reduction, is claimed at any point in this paper. The 
proposed framework may require adaptation to 
different organisational sizes, product types, and 
regulatory contexts, and its effectiveness in practice 
would depend on factors such as data quality, 
governance maturity, organisational readiness, and 
user acceptance, none of which are assessed here. 

Future research should prioritise empirical 
validation of ARM-AI through methods appropriate 
to its conceptual and exploratory stage. These 
include structured interviews with Product Owners, 
Product Leads, Delivery Managers, and technical 
specialists; expert panel reviews; Delphi studies 
aimed at refining the framework's components and 
governance mechanisms; design science research 
cycles that iteratively build and evaluate framework 
artefacts; exploratory case studies within 
organisations willing to pilot elements of the 
framework; controlled pilot implementations limited 
to a defined product or team context; longitudinal 
organisational studies examining adoption over 
time; comparative evaluations against existing risk 
management practices; and usability and trust 
assessments focused on how practitioners actually 
interact with AI-generated recommendations under 
the framework's governance layer. 

 

12. Conclusions 
 
This paper has addressed the problem of 
fragmented, reactive, and experience-dependent risk 
management practice in Agile software product 
development, and has proposed ARM-AI as a human-
centred conceptual framework for structuring how 
artificial intelligence can support risk management 
activities without displacing human judgement. The 
framework comprises four interconnected layers, 
organisational and project context, AI-assisted risk 
analysis, human decision and governance, and 
continuous learning and feedback, together with 
defined risk categories, human and AI roles, an 
integration approach for the Agile product lifecycle, 
governance and explainability mechanisms, and a 
proposed organisational adoption roadmap. 
Throughout the framework, human oversight, 
traceability, and accountability are treated as non-
negotiable design requirements rather than optional 
safeguards, reflecting the position that artificial 
intelligence should function as a decision-support 
mechanism rather than an autonomous decision-
maker in this domain. The principal conceptual 
contribution of the paper is a structured, adaptable 
model that connects AI capabilities with established 
risk management and Agile governance practice. As 
stated throughout this paper,  
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ARM-AI has not been empirically validated, and its 
practical value can only be established through the 
future research directions outlined in Section 11. 
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