CooLut
N University

Al IN SOFTWARE PRODUCT MANAGEMENT

Lappeenranta—Lahti University of Technology LUT
LUT School of Engineering Sciences
Software Product Management and Business

Master’s thesis.
2025

Irzam Yazdan Nasir
Examiner: Professor Kari Smolander



ABSTRACT

Lappeenranta—Lahti University of Technology LUT
LUT School of Engineering Sciences
Software Product Management and Business

Irzam Yazdan Nasir
Al in software Product Management

Master’s thesis

2025

54 pages, 08 tables, and 00 appendices
Examiner: Professor Kari Smolander

Acrtificial Intelligence (Al) is influencing the way software products are planned, developed
and evaluated. Traditional software product management (SPM) practices are largely based
on the experience of the product managers, input from the stakeholders, and manual analysis.
However, the increase in the availability of behavioural data, telemetry and advanced
analytics has allowed Al to augment decision-making across the product lifecycle. This
thesis investigates the role of Al in contributing to strategic and operational activities in
SPM, and also identifies the opportunities, challenges, and risks involved in its adoption.

The research is conducted using a Multivocal Literature Review (MLR), which is a synthesis
of peer-reviewed research and high-quality industry publications published from 2016-2025.
The review shows that Al supports the management of products through a better
prioritisation of the backlog, easier sprint planning, analysing customer insights, and
predicting the roadmap. Machine learning models, predictive analytics, and new generative
artificial intelligence (Al) tools can help improve the accuracy of forecasts, eliminate
repetitive work, and enable teams to react more rapidly to changes in the market.

Despite all these benefits, the literature also points to limitations of data quality,
organisational readiness, explainability, ethical issues, and complex integration. Without
strong governance and a clear strategy between what Al can do and what the product needs
to do, adoption of Al can be fragmented or unreliable. The findings emphasise the fact that
Al should work as a decision-support mechanism, rather than as replacement of human
judgement.

The thesis contributes by pulling together what is currently known, describes responsible
practices for integration and gives suggestions that stress the importance of governance,
collaboration among humans and Al, the quality of data, and constant evaluation. These
insights are intended to help organisations that are looking to leverage Al to enhance product
decision-making, agility and customer value in a sustainable, ethical way.

Keywords: Software Product Management, Artificial Intelligence, Machine Learning,
Predictive Analytics, Agile Methods, Multivocal Literature Review
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Al Artificial Intelligence

ML Machine Learning
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1 Introduction

Digitalisation has fundamentally changed the environment in which software products are
developed and managed. As software ecosystems grow in complexity and scale, product
managers face increasing pressure to make timely, evidence-based decisions. Traditionally,
Software Product Management (SPM) has relied heavily on qualitative inputs, such as
stakeholder feedback and manual market analysis (Ulwick, 2005). However, the increasing
availability of behavioural data and telemetry has created opportunities for Artificial

Intelligence (Al) to augment these decision-making processes (Maalej et al., 2016).

In this regard, Artificial Intelligence (Al) has become a powerful supplement to the human
decision-making. Machine learning, predictive analytics, and more recently, generative Al
have allowed organisations to process large volumes of data, automate business processes,
and spot patterns of behaviours that otherwise might have gone unexplained. These changes
are transforming the role of prioritisation of product managers backlog, release planning,
requirement refinement, risk assessment and product performance monitoring.
Consequently, Al is turning into a strategic tool that affects not only the decisions of the

operations, but also the future direction of the products.

In spite of these advances, the use of Al in SPM is not uniform. Organisations use Al on
individual applications, e.g. customer segmentation or automated documentation, but have
no formalised processes, governance systems or adequate data maturity to use Al at scale.
Questions of transparency, bias, explainability, ethical consequences as well as
organisational preparedness continue to act as severe hindrances to large-scale adoption. As
a result, product teams can rarely find a way to incorporate Al in their everyday activities in

a steady, reliable, and strategically coordinated manner.

This thesis addresses the relationship that is growing between Al and SPM. It combines the
leads that have been published by multiple scholars and the industry, analysing its current
use, reported benefits or challenges, and how organisations can adopt Al in a responsible
way. The article emphasizes that Al is not to be considered as a substitute to product
managers but rather a decision-support tool that would boost the human judgment, improve

the accuracy, be more productive, and less uncertain. It is imperative to know the



opportunities and risks of organisations that plan to introduce Al in their product processes

ethically, scalable, and sustainably.

1.1 Problem Statement

Despite the apparent interest in the use of artificial intelligence in all sectors, it is quite
difficult to find its deep penetration in the process of software products management, which
is usually shallow. Most organisations are testing Al in nearly all isolated business tasks
including analytics dashboards, customer sentiment, or automated reporting whilst not
coordinating these assets across product level strategy. (Gartner, 2024) The quality of the
data and its governance framework, and technical savvy necessary to interpret and assure
Al-generated insights is often absent in the product managers. (McKinsey & Company,
2024)

Therefore, the use of Al in SPM is rather disorganized, not systematized. Decisions can be
made based on the data that is incomplete, biased, predictions can be misunderstood, and
teams might over and under-use algorithmic proposals. The limitations cause the inaccuracy
of Al tools and may result in unwanted and undesired consequences like prioritisation errors,
misalignment with customer requirements, and undermining stakeholder trust. (Bosch,
Olsson, & Crnkovic, 2018)

The main issue that this thesis undresses is that there is no systematic, well-managed means
of allowing Al to improve the decision-making in products, but is also allowed to be

transparent, and under human control and strategic logic.

1.2 Research Objective

This thesis intends to analyze the opportunity of Al to assist and empower a decision process

within the software product management domain. Precisely, the study aims at investigating:

e Identify where and how Al is currently being used in product management roles and

processes.
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e Assess the benefits Al is reported to bring, including improvements in efficiency,

accuracy, and strategic alignment.

e Analyze challenges and risks associated with Al adoption, including issues of ethics,

bias, data quality, explainability, and organizational readiness.

e Provide practical, ethically grounded recommendations for integrating Al into SPM
processes in a responsible and sustainable way.

By synthesizing findings from academic studies and industry practices, the thesis aims to
contribute a clearer understanding of AI’s evolving role in product management and guide

organizations seeking to incorporate Al into their product workflows.

1.3 Research Question

The following research is the general question that the study is directed at:

What is happening with Artificial Intelligence (Al) and software product management and

what opportunities, challenges, and ethical issues are associated with its implementation?
In order to address this broad question, the subsequent sub-questions are used:
e RQ1: How is Al currently being applied in software product management activities?

e RQ2: What improvements in performance, efficiency, and decision-making are

reported from Al use?

e RQ3: What Al-related tools, techniques, and frameworks are being adopted in
product work?

e RQ4: What risks, challenges, and ethical concerns are associated with Al

integration?

These questions contextualize the analysis and make sure that the review involves the
interests of effective implications of Al-enabled product management as well as the

extensive organizational implications.
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1.4  Scope and Limitations

141 Scope

This thesis focuses on the use of Artificial Intelligence within organizations that design and
deliver software-based products or digital services. It examines AI’s role in activities central
to SPM, including backlog prioritization, forecasting, customer insight analysis, workflow

optimization, and strategic planning.

The research relies on a Multivocal Literature Review, combining peer-reviewed academic
publications with reputable industry sources to reflect both established knowledge and
rapidly emerging practices. The review covers materials published between 2016 and 2025,
recognizing that Al in product management is an evolving domain where industry

contributions often precede academic formalization.

The goal is to provide an analytical and interpretive understanding of trends, opportunities,
and challenges, rather than to design or evaluate Al systems directly.

1.4.2 Limitations

There are some shortcomings that should be recognized.

On the one hand, the analysis is one that relies on secondary data only. It enables a wide
coverage of the current knowledge, but it does not provide direct empirical validation in

terms of the interviews, survey, or in the case implementation.

Second, there is a rapid development of the field. After the review window, the new Al
tools, rules of governance, and practices in organizations might have evolved, and hence,
the results are a snapshot instead of the ultimate state of knowledge. Third, depends on the
use of English-language content and popular indexed databases is a possible selection bias
as has not been possible to capture other publications in other languages or other less

visible sources.
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Lastly, the thesis has offered suggestions and theoretical points which have not been

experimented within organizational context and are merely guidelines and not prescriptive

model-like.

1.5 Thesis Structure

The thesis is structured in a strongly coherent format, that is, it contains background

information (Chapters 1-2), methodology and results (Chapters 3-4), conclusions and

implications (Chapters 5-6).

Table 1: Thesis Structure Overview

Chapter
Chapter 1: Introduction

Chapter 2: Theoretical
Background

Chapter 3: Research
Methodology

Chapter 4: Findings and

Analysis

Chapter 5:
Recommendations for
Future Implementation
Chapter 6: Conclusion and
Future Research

Directions

Description
Introduces the topic, outlines the research problem,
objectives, questions, scope, and limitations.
Presents the theoretical background and synthesizes
existing literature on Al applications, benefits,

challenges, and implications within SPM.

Describes the research methodology, explaining the
Multivocal Literature Review approach used to collect,
screen, and analyse the data.

Provides the findings of the review, summarising current
uses of Al, key strengths, major challenges, and
supporting themes.

Offers practical recommendations for responsible and
strategically aligned Al adoption in software product
management.

Discusses the contributions and limitations of the study

and suggests directions for future research.
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2 Theoretical Background

2.1 Introduction to Al in Software Product Management

Acrtificial Intelligence (Al) can be defined as computing systems that have the capabilities of
computing the tasks which would normally need human cognitive functions that include
learning, reasoning, pattern recognition, and prediction (Jordan and Mitchell, 2015). Within
the software product management (SPM) domain, Al involves machine learning models,
natural language processing and predictive analytics and generative models to aid decision-
making throughout the product lifecycle. The capabilities of these technologies enable
organisations to process behavioural data, along with automating routine activities, and
creating insights that would otherwise be hard or time-intensive to access. The applicability
of Al to SPM has gone up with the complexity of the software products in terms of their
data-driven, customer-oriented nature. Old-fashioned product management is highly
dependent on qualitative feedback, discussions with stakeholders, and the decision of
product managers. Although these still play a crucial part, they are limited by the cognitive
bias, insufficient visibility into the behaviour of the user and the challenge of analysing very
many data points manually. Al systems are used to supplement human decision-making
processing scale, telemetry, usage history and prior patterns to make reliable predictions,
faster cycles and prioritisation based on evidence (Maalej et al., 2016). Al in product
management does not aim at fully automating the decision-making process but adding value
to human skills. One way Al can be used is to determine new user requirements, emphasise
behavioural pattern, predict how many features are likely to be demanded, enhance clarity,
and make decisions easier to trace (Bosch, Olsson, & Crnkovic, 2018). Meanwhile, human
control is necessary to verify that outputs of the algorithm are represented in a correct way,
put into context and match subject-wide product objectives. On the whole, Al is a move
towards more information-enabled and analytically supported product management than
intuition-based product management. Therefore, it is important to know how Al is applied
in each phase of product lifecycle to ensure organisations stay competitive in the

contemporary digital world.
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2.2 Key Al Technologies in Product Management

Three fundamental areas of technology are generally used to facilitate Al in software product
management: machine learning, generative Al, and predictive analytics. They have a

different role of assisting in the decision making and work processes related to products.

2.2.1  Generative Al (GenAl)

Generative Al models, such as large language models (LLMSs), have the ability to generate
novel content in the form of a text, summary, user stories, wireframes, or code snippets using
existing trends in training data. GenAl tools assist in product management by drafting
requirements, summarizing customer feedback, and reducing administrative workload.
McKinsey & Company (2024) highlights that these tools accelerate early-stage discovery,
although human oversight is necessary to ensure accuracy. Specific commercial product
management applications, including Jira Product Discovery, Notion Al and ClickUp Al,
have added GenAl capabilities, giving explanations and scenarios suggestions
automatically, and summarizing the backlog. These tools have the potential to boost
efficiency and minimise the number of man-hours, but still, their results need to be verified
to warrant the accuracy, prevent hallucinations, and remain consistent with product

objective.

2.2.2  Machine Learning (ML)

Machine learning algorithms can help systems learn on the basis of previous and real-time
information, identify patterns, and come up with predictions with a minimal amount of
human input. Machine Learning assists by analyzing feature adoption trends and segmenting
users based on behavioral signals. According to Maalej et al. (2016), this data-driven
approach allows for precise estimation of effort and better forecasting of product
performance. Amplitude and Pendo, which are ML-powered analytics, already have these
functionalities because they offer automatic understanding of user patterns and product

interaction. These lessons enable product managers to take a prioritisation decision that is
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based on data and develop an intervention that reshapes product behaviour to match

changing customer expectations.

2.2.3  Predictive Analytics

Predictive analytics is an integration of machine learning and statistical approaches to
predict future behaviours and outcomes. Its broad use in product management includes
forecasting feature usage trajectories, identifying churn risks, and estimating resource
needs. Shmueli and Koppius (2011) argue that these predictive capabilities allow teams to
better anticipate market patterns and release impacts.

The future products use predictive software godlove the modern product management
solution, provide prospective insights to aid insight planning and risk aversion. An example
is the product board and Aha! roadmap software that has gotten increasingly offer predictive
scoring and scenario modelling to inform investment choices. The capabilities allow teams
to work together to co-ordinate initiatives to anticipated business value and respond to
market indicators faster. ML, generative Al and predictive analytics have complementary
features that assist in discovery, prioritisation, planning and monitoring performance of

products. Based on their joint application, Al-enabled product management is the basis.

2.3 Importance of Al in Modern Product Management

Al brings numerous benefits that promote the level of efficiency and responsiveness of the
product management processes. With organisations depending more on behavioural data,
telemetry, and quick experimentation, Al solutions can assist in decreasing the amount of
uncertainty and reinforce the evidence spectrum of important choices. The accuracy of
decision making is one of the greatest advances of Al. Prioritisation based on data takes the
place of subjective appraisal and develops models that account for usage patterns, customer
sentiment, previous performance, and impacts on business (Perini, Susi, & Avesani, 2013).
The change cuts down the cognitive bias and makes teams concentrate on the initiatives that
are most likely to provide the quantifiable value. The Al also increases the speed and
efficiency of the product workflow. Generative Al decreases process of manual writing so
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that product managers can concentrate on strategic work, as machines can perform analysis,
which is usually time-consuming. Research has shown that the implementation of Al can
eliminate the time spent on iteration and enhance the predictability of products when utilized
in product teams (McKinsey & Company, 2024). Also, Al helps increase the correlation
between product decisions and customer needs. Real time analytics give the team visibility
of user behaviour in various contexts allowing them to identify emerging opportunities or
problems at a lower stage. Predictive models can be used to predict trends in the future
instead of using retrospective only (Shmueli & Koppius, 2011). Lastly, Al enables
organisations to expand their decision making capabilities. With products growing in the
amount of data they produce, the manual analysis will not be feasible anymore. The Al tools
that are used guarantee insights to be available and to be acted upon in large or rapidly
evolving settings. As much as Al has these advantages, it’s worth lies in its responsible
usage. This means that issues like bias, explainability, data quality, and governance have to
be resolved so that Al fortifies product decision-making instead of debilitating it. The latter

are examined later.

2.4 Traditional vs. Al-Augmented Product Management

Traditional software product management has been based on strategies focused on market
research, stakeholder discussions, user interviews and experience of product managers. Such
methods are still valuable yet may be constrained in the settings where data on the products
is vast and the behaviour of the users changes quickly. The tendencies of traditional
processes are considered through retrospective analysis, using manual documents, scarcity
of segmentation and prioritisation based on intuition (Ulwick, 2005). Al supplements such
practices with scaling analytic functionality, real-time behaviour analysis and prediction,
which facilitates more visopositive decision-making. Instead of supplanting human
judgment, Al will supplement evidence and minimize manual workload as well as improve
visibility throughout the product lifecycle (Bosch, Olsson, & Crnkovic, 2018). This change
does not dispel the necessity of the creativity, situational awareness, and strategic thinking;
rather, it integrates human skills with computer extent to enable the enhancement of
precision and uniformity in hypothesizing as well as responsiveness. To demonstrate the

difference between conventional and Al-assisted, Table 2 summarises major differences,
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depending on the generally accepted literature on product management and recent search

results on Al-related practices.

Table 2: Comparison of Traditional and Al-Augmented Product Management

Approaches

(Adapted from Ulwick, 2005; Maalej et al., 2016; McKinsey & Company, 2024; Bosch,

Olsson, & Crnkovic, 2018)

It is an ideal model that flows the paradigm shift of Traditional to Al-Augmented Software

Product Management (SPM). It does that to justify the research problem in explicitly

contrasting the subjective, retrospective quality of classical SPM (Ulwick, 2005) against the

objectivity, predictability, and scalability of Al-driven solutions. It is a solid literature

review, employing theoretical frameworks and recent materials (Bosch et al., 2018;

McKinsey and Co, 2024) to establish the new strategic reality of product managers.

Aspect

Decision-Making

Customer Insights

Product Planning

Backlog Prioritisation

Innovation Process

Traditional Product
Management

Based on intuition,
qualitative feedback, and
historical patterns

Derived  from  surveys,
interviews, and periodic
analysis

Static or periodic planning,
retrospective review

Manual assessment,
stakeholder influence,
limited quantification

Relies heavily on human
manual

ideation and

synthesis

Al-Augmented Product
Management

Data-driven through ML models,
behavioural analytics, and
predictive scoring

Real-time insights from telemetry,
segmentation models, and usage
analytics

Dynamic planning informed by
real-time data, forecasts, and
scenario modelling

Automated scoring models
evaluating value, effort, sentiment,
usage trends

Enhanced by generative tools
supporting ideation, refinement,

and summarisation
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Risk Management Reactive responses to issues Proactive  detection  through
identified post-release anomaly detection and predictive
risk analysis

Monitoring & KPIs Manual dashboards and Automated KPI tracking, alerts,

delayed reporting and adaptive performance insights

Interpretation

Al does not alter the objective of product management but alters the information in the hands
of product managers and the rate at which these decisions can be made. Traditional methods
also focus on artisanship, knowledge, and qualitative knowledge. Such strengths are

augmented by Al-enhanced practices, which make it possible to:

e improved prioritisation accuracy,
« faster iteration cycles,

« earlier risk detection,

o deeper behavioural insight, and

o better alignment between product outcomes and user needs.

2.5 Al-Augmented Approaches in Product Work

The uses of Al apply to several steps of the product lifecycle. Instead of acting as a set of
discrete tools, Al systems are becoming part of daily work processes and product
management systems, affecting the process of discovery, prioritisation, planning, and

performance appraisal.
Idea Generation and Discovery

Generative artist software is used to help product managers in summary of customer
feedback, generalisation of research results, and drafting other problem definitions or
variations of concepts. These features contribute to extending the exploration area and

minimize the time required to plan early-stage demands (McKinsey & Company, 2024).
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Backlog Management and Prioritisation

Prioritisation is informed using machine learning models that make use of user behaviour,
product adoption patterns, sentiment, and value indicators. Backlog mechanisms have been
assisted by Al, like the one embedded in the latest product management software models, to
make subjective bias less significant and more decisions ranking accurate (Bosch, Olsson,
& Crnkovic, 2018).

Roadmap Forecasting and Scenario Planning

Predictive analytics can be used to improve both medium and long-term planning by
modelling the influence of characteristics to be expected, predicting resource usage as well
as estimating risks associated with delivery timeframe or user behaviour (Maalej et al.,
2016).

Documentation and Communication

Generative Al saves the administrative work burden with creating requirement summaries,
acceptance criteria, release notes, and communicating with stakeholders. These products
need to be reviewed, but they contribute to a faster process of coordination and alignment

between teams.
Insight Generation and KPI Monitoring

Anomalies, segmentation of user behaviour, and emerging trends are automatically brought
into view by the Al-driven analytics platforms. This ongoing analysis facilitates timely
decisions and can be used to ensure that the product direction stays in accordance with actual

usage trends (Shmueli & Koppius, 2011).

2.6 Agile Solutions and incorporating Al

Software product development strongly embraces Agile methods owing to their ability to
accommodate short iteration development, continuous learning, and quick adaptation to
feedback (Schwaber and Sutherland, 2020). Agile models focus on values of collaboration,

transparency and incremental delivery which inherently resonate with dynamic and rapidly
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evolving product environments. The more behavioural and operational data an organisation
has collected, the more Al has started to supplement Agile practices with analytical
information, automation of routine processes, and a better predictability of planning
decisions. Despite the potential benefits of Al, it is not easy to insert Al into Agile
workflows. Agile focuses on the importance of lightweight processes, human judgment, and
adaptability, and the Al systems want to rely on the structured data, model stability, and
reproducibility. This both opens up and causes tension. The knowledge of Al-AGile
interaction is fundamental to the teams that want to engage in responsible Al usage in

product development.

2.6.1 What is Agile in Product Management

Agile product management The practice of using Agile values and practices in the discovery,
development, and improvement of software products. It bases its principles on the Agile
Manifesto which emphasizes on customer interaction, reaction to alteration, and creation of
working software in a frequent manner (Beck et al., 2001). To a product manager, Agile can

offer:

short planning and delivery cycles,

mechanisms for rapid feedback,

flexibility to re-prioritise based on new evidence, and

strong alignment between customer needs and development work.

Under a system like Scrum and Kanban the product managers would refine the backlog, test
assumptions, overcome constraints and make sure that every iteration results in quantifiable
value (Cohn, 2005). The iterative nature of Agile is more than suitable where product
requirements keep changing in between. The more data is generated by products; the more
Agile teams use analytics to make decisions. Such a change predisposes the use of Al to
assist backlog refinement, user insight generation, plan sprints, estimate and monitor
performance. Nevertheless, Al needs to be incorporated in such a manner that it can adhere
to Agile work and its flexibility and collaborative aspects.
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The Agile processes are supported with the help of Al which automatizes analysis, finds

patterns of behaviour and helps in planning and retrospectives. Table 3 provides a summary

of salient aspects that Al is used in Agile product management.

Table 3. Al-Enhanced Practices Across Agile Activities

(Synthesised from Gartner, 2024; McKinsey & Company, 2024; Bosch et al., 2018; Maalej

et al., 2016)

Agile Activity

Backlog

Refinement

Sprint Planning

User Story

Refinement

Retrospectives

Testing & Quality

Performance

Monitoring

Al Contribution

Automated scoring based on usage,

sentiment, value, and effort
indicators

Forecasting team capacity,
estimating task complexity,

identifying dependencies

Summarising research, generating

acceptance  criteria, detecting

ambiguity

Analysing feedback trends and team

sentiment

Detecting anomalies, selecting tests

based on risk, supporting continuous

QA

Real-time KPI tracking and anomaly

detection

Examples of Tools /

Approaches

ML-based prioritisation in
Product board, Aha!

Predictive planning in Jira
Advanced
ClickUp

Roadmaps,

GenAl assistants in Notion,

Confluence

NLP-based

Parabol, TeamRetro

insights in

Al-enabled
such as Mabl and Testim

testing tools

Analytics platforms such as

Pendo, Amplitude
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2.6.3 Role of Al in Backlog Prioritization and Road mapping

Backlog prioritisation would demand teams to amplify competing requests and establish the
features that will give most values. Historically, the process is informed by the stakeholder
judgement, qualitative analysis and incomplete segmentation information. More evidence is
given by Al, which analyses the user behaviour and product telemetry and past adoption
trends (Maalej et al., 2016).

Road mapping, on its part, is advantaged with predictive analytics modelling resource
requirements, anticipated effect, or risk of delivery. Al does not overcome roadmap strategy;
rather, it enhances the sophistication and quality information on which the planning

decisions are based (Bosch, Olsson, & Crnkovic, 2018).
Table 4. Al-Supported Backlog Prioritisation and Road mapping

(Sources: Gartner, 2024; McKinsey & Company, 2024; Bosch et al., 2018; Product board

documentation)

Area Al Capability Contribution to Product

Management

Backlog Scoring ML models analyse usage Reduces subjective bias and

frequency, customer impact, strengthens evidence-based
and sentiment ranking
Dependency Algorithms detect technical Improves sprint feasibility and
Analysis links and sequence constraints = reduces risk of rework
Predictive Analytics forecast feature Supports adaptive roadmaps
Roadmapping adoption and expected aligned with real-time data

Scenario

Modelling

business outcomes

Simulation of alternative
release paths under different

constraints

Enables  strategic  trade-off

decisions and long-term planning
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Cross-Functional  Consolidates  data  from Improves coherence between
Alignment marketing, sales, and product initiatives and

engineering organisational priorities

2.6.4 Al in Sprint Planning and Retrospectives

nSprint planning attempts to estimate the effort, detect dependencies, and pick a realistic
volume of work. The Al helps increase this procedure by predicting the quantities,
identifying trends in earlier speed, and raising potential inhibitors. In its turn, retrospectives
have the advantage of the NLP analysis of feedback and automatic recognition of recurring
issues (Gartner, 2024).

Table 5. Al Applications in Sprint Planning and Retrospectives

(Sources: Gartner, 2024; McKinsey & Company, 2024; Maalej et al., 2016; Amplitude

documentation)



Sprint Activity

Sprint Planning

Capacity

Forecasting

Coordination

Support

Retrospective

Analysis

Process

Optimisation

2.6.5

Al Capability

Predictive estimation based on
historical performance and task
patterns

Algorithms  analyse  resource

availability and workload

Automated summaries, daily

stand-up insights

NLP models identify themes and

sentiment patterns

Correlating defects, cycle time,

and task flow

Data Quality Limitations
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Impact on Agile Teams

Improves planning accuracy and

reduces overcommitment

Helps teams balance effort

across sprints

Reduces administrative
overhead and highlights
blockers

Supports continuous
improvement and  targeted
actions

Enables data-driven refinement

of Agile practices

Organisational Challenges in Al-Enabled Agile

Al models can only produce valid knowledge when provided with regular data that is

representative. Fragmentary systems, lack of best practice in tracking, or lack of effective

historical data plague many organisations, particularly early stage teams (Bosch, Olsson, &

Crnkovic, 2018). The quality of data is poor, therefore cutting backlog scoring, forecasting,

and anomaly detection.

Cross-Functional Skills Gaps

The adoption of Al presupposes the interaction of product managers, data scientists, and

engineering teams. Product managers might not be trained in Al concepts, and technical

staffs might be unaware of business priorities. Such asymmetry in skills may result in
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misunderstood outputs or made decisions that are not congruent (McKinsey & Company,
2024).

Transparency and Explainability

Al systems can serve as black boxes to allow teams to have arguments without justification
of the recommendations, or even trust it. Explainability tools (XAl) are required to assess a
product strategy and ethical expectations complement against the model outputs (ISO/IEC
42001:2023).

Integration Complexity

The application of Al to the Agile workflow presupposes the technical proficiency with
strong data streams, model-version control, and sound automation regulations. Established
MLOps capabilities are not established in many organisations, which makes the integration
challenge (Gartner, 2024).

Cultural Resistance

Agile promotes human judgment, whereas Al can be seen as a threat to autonomy or
creativity. It is important to establish trust, transparency, and human control to achieve
successful adoption (Maalej et al., 2016).

Ethical and Regulatory Considerations

The issues are related to bias, fairness, data privacy, and the ability to comply with
regulations like GDPR or the EU Al Act. Governance, records, and periodic auditing are all
needed to ensure optimal use (ENISA, 2020).

2.7 Existing Research on Al in Software Product Management

Research on Al application in the management of software products is growing, though it is
still scattered throughout in information systems, software engineering, business
management and human-computer interaction. The bulk of the research examines individual
applications like automation of backlogs, predictive analytics, or application of Al to product
discovery as opposed to a single framework. The subsequent section condenses the available

scientific and reputable literature in the industry to demonstrate notable themes and
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knowledge gaps. A number of literature have studied the role of Al on prioritisation,
planning and decision support. The research evidence indicates that predictive analysis can
be enhanced based on attempts to adopt features and user behaviour as well as resource
requirements by using machine learning tools and making more informed decisions (Maalej
et al., 2016). Other studies highlight the possibility of application of generative Al to assist
in requirement refinement, summarisation, and documentation, minimising the manual
workload during the early product development phases (McKinsey & Company, 2024).
Strategic product management has also been analysed as one of the Al applications in
software-intensive organisations. It suggests that Al should be integrated as a part of the
product strategy Olsson and Bosch (2018) suggest the SPM4AI model, according to which
experimentation, data-dependent learning, and ongoing feedback are the core elements of
product strategy integration. Articles by them demonstrate that successful adoption involves
maturity in the organisation of the company, such as effective governance, data quality
management, and interdisciplinary collaboration. Research in the industry is an addition to
scholarly research by offering practical information regarding the use of tools and issues
encountered in practice. According to Gartner (2024) and Deloitte (2024) report, Al is
becoming increasingly incorporated into Agile processes, such as prioritisation of a backlog,
sprint work, and performance measurement. There are usual obstacles also emphasized in
these sources such as explainability concerns, inadequate data infrastructure, and cultural
resistance. Although there are such contributions, there are still enormous gaps. Numerous
literature on the same deals with applications in isolation and not end-to-end product
workflow. There has been little empirical research in actual organisational contexts,
particularly longitudinal research studies on the lasting impacts of Al on product quality,
team performance, or innovation. Also, there are few studies that give in-depth instructions
in responsible integration, governance practices, or Al maturity development in product
organisations. In order to recap the present picture, Table 6 summarises confirmed literature

sources and their most important findings.
Table 6. Summary of Existing Research on Al in Software Product Management

(Synthesised from Maalej et al., 2016; Perini et al., 2013; Shmueli & Koppius, 2011; Bosch
et al., 2018; Gartner, 2024; McKinsey & Company, 2024)

Source Research Focus Key Findings Identified Gaps



Maalej et al.
(2016)
Perini et al.
(2013)
Shmueli &
Koppius
(2011)
Olsson &

Bosch (2018)

Gartner
(2024)

McKinsey &
Company
(2024)

Integration of Al into
product development

processes

Al applications in

product innovation

and user insight

analysis

Predictive analytics
in information

systems

Strategic
frameworks for Al-
enabled product

management

Industry adoption of
Al within  Agile

workflows

Generative Al in

product  discovery

and documentation

ML and predictive
analytics improve
forecasting, demand

estimation, and decision-

making

Al tools enhance
personalisation,
segmentation, and
customer experience
mapping

Predictive models enable
future trajectory
forecasting rather than just

retrospective analysis.

SPM4AI framework
emphasises

experimentation, data-
driven  learning, and
governance

Al enhances backlog
refinement, sprint
planning, and KPI
monitoring

GenAl reduces

documentation workload
and improves early-stage

ideation
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Limited empirical
validation of Al in

Agile environments

Ethical issues and
data quality
concerns

underexplored

Lack of standard
methods for
evaluating

predictive accuracy

Limited research on
scaling Al across

product portfolios

Barriers include
integration
complexity and low

Al literacy

Few studies on long-
term organisational

impacts of GenAl
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Interpretation

The literature review overall proves the idea that Al can positively influence the product
management by increasing its accuracy of decision making, efficiency, and conformity to

the needs of users. However:
o empirical studies remain limited,
o long-term organisational impacts are not well understood,
« integration challenges receive less academic attention, and
« responsible governance is often discussed only at a high level.

These gaps add to the necessity of organized research incorporating both academic and
practitioner views, one of the reasons why the Multivocal Literature Review was chosen to

be used in this thesis.
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3 Research Methodology

3.1 Research Design

The proposed study uses the Multivocal Literature Review (MLR) as the research design.
As a type of systematic review, an MLR is based on a combination of the evidence inherent
to both academia (peer-article, conference paper, scholarly book) and grey literature
(industry reports, professional blogs, white papers, standards, and practitioner analyses). The
methodology fits the new fields where academic studies are still emerging, and the industry

practice is constantly changing quickly (Garousi et al., 2019).

Software product management Al is a developing subject with much of the available
information residing outside of academic literature in practitioner reports by Gartner,
McKinsey, Deloitte and technology firms. The conventional systematic review confined to
scholarly sources would miss a lot of important information. Thus, the MLR approach allows

seeing a wider and more realistic picture of the current Al usage in product organisations.

The review is interpretive and analytical, but not quantitative. It would be to generalize,
generalise as well as generalise patterns, themes, and concepts of different sources to
anticipate how Al impacts product management processes, reported benefits, and also

challenge in real world contexts.

3.2 Rationale for Using a Multivocal Literature Review

The reason as to why an MLR will have been chosen is because of the following three

reasons:
The topic is emerging and rapidly evolving.

The Al is evolving rapidly in the management of products. Grey literature can offer the first
record of instruments and procedures and organisational issues. All of these insights, as well

as academic contributions, are captured in an MLR.

The research questions require interpretive synthesis.
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The paper examines the applications of Al, the reported benefit, and the risks. The best
method to answer such questions is by interpreting them thematically as opposed to

experimentally measurable items.
Industry evidence is essential for understanding real-world adoption.

Product management is implemented in nature. The industry reports usually present handy

illustrations, case knowledge, and tool reviews that are not yet accessible in research.

3.3 Research Strategy

The literature search was a multi-stage and structured process based on the instructions on
implementing Multivocal Literature Reviews (Garousi et al., 2019).

Sources Searched
Academic databases:

e Scopus

e Web of Science

« |EEE Xplore

e ACM Digital Library

e SpringerLink

e Google Scholar

Grey literature sources:

e Gartner Research: Technology analysis and insights (https://www.gartner.com).

e McKinsey & Company: Strategic management consulting reports

(https://www.mckinsey.com).

e Deloitte Insights: Research on business and technology trends

(https://www?2.deloitte.com).

e Forrester Research: Market research and advice on existing and potential impact

of technology (https://www.forrester.com).



https://www.gartner.com/
https://www.mckinsey.com/
https://www2.deloitte.com/
https://www.forrester.com/
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MIT Sloan Management Review: Research and ideas for business leaders

(https://sloanreview.mit.edu).

Productboard Documentation: Product management software guides

(https://www.productboard.com).

Atlassian Documentation: Agile and DevOps tool guides

(https://www.atlassian.com).

Amplitude Documentation: Product analytics platform resources

(https://amplitude.com).

ISO/IEC and ENISA: Publications relevant to Al governance and standards

(https://www.iso.org; https://www.enisa.europa.eu).

Search Terms

Search strings included combinations of:

“Software product management” OR “product manager”

“Artificial intelligence” OR “machine learning” OR “predictive analytics” OR

“generative Al”
“Backlog prioritisation” OR “road mapping” OR “Agile” OR “sprint planning”

“Al governance” OR “explainability” OR “bias”

These search terms were applied to the metadata (title, abstract, and keywords) of the

academic databases listed above, and were also used as keyword queries within the search

functions of the specific grey literature repositories.

3.4 Data Collection and Screening

The screening process was undertaken in three phases, including identification, screening,

and eligibility/inclusion.

Stage 1: Identification

The first pool of 87 records was harvested in academic published and grey literature sources.

Before screening, duplicates were eliminated.


https://sloanreview.mit.edu/
https://www.productboard.com/
https://www.atlassian.com/
https://amplitude.com/
https://www.iso.org/
https://www.enisa.europa.eu/
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Stage 2: Screening
The two filtering steps were:

o Title/abstract screening: articles that were excluded which were irrelevant to

product management, or which covered technical Al development only.

o Full-text assessment: was limited to the sources that clearly discussed the use of Al,

its implications, or difficulties in product decision-making or processes.

Sources on grey literature were assessed according to their credibility based on the reputation

of the organisation, transparency of methodology and the regency of the publication.
Stage 3: Inclusion

The final list comprised 32 sources that fit all the requirements and were incorporated in the

analysis. These comprised:

peer-reviewed research articles,

industry and consulting reports,

standards and governance guidelines, and

practitioner analyses from recognised firms.

The data collection process has been summarized in Table 7.

Table 7. Data Collection and Screening Procedures
(Adapted from Garousi et al., 2019 and this study’s review process)
Stage Description Outputs

Identification Search conducted across academic and grey 87 records identified

sources

Screening Removal of duplicates; title/abstract filtering; 49 records eligible for

quality checks full-text review
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Eligibility Assessment based on inclusion/exclusion 32 sources included

criteria

Source Types Peer-reviewed studies, industry publications, Academic + grey

standards, practitioner insights literature

3.5 Data Analysis Method

The included sources were analysed using qualitative thematic synthesis, following three

steps:
1. Coding
All texts were reviewed and coded line by line. Codes represented concepts related to:

e Al-supported activities (e.g., prioritisation, planning, analytics),

reported outcomes (e.g., accuracy, efficiency),

tools and techniques (e.g., ML, GenAl, predictive analytics),

risks (e.g., bias, explainability, data quality),

organisational challenges (e.g., capability gaps, governance).

Both deductive codes (based on research questions) and inductive codes (emerging during

analysis) were used.
2. Theme Development

Codes were grouped into broader themes that reflected recurring patterns across the

literature. Themes included:
e Al-augmented decision-making,
o predictive analytics in planning,
« governance and ethical oversight,

« human to Al collaboration,
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o Al maturity and organisational readiness.
Themes were refined to ensure internal coherence and clear distinction.
3. Cross-Comparison

Academic and industry sources were used to compare their themes to find convergence,
divergence, and strength of evidence. This step came in handy to differentiate between

findings that were supported and those that were discussed more in practitioner literature.

3.6 Ethical Considerations

The present study is based solely on the publicly accessible scholarly materials, industry
reports, and standards. It contains no human participants, confidential data, or property data

sets. Hence, institutional ethical approval was not necessary.
Ethical concerns related to:
e accurate representation of all sources,
o careful evaluation of grey literature reliability,
« avoiding over-interpretation of claims lacking empirical validation,
e maintaining transparency in the inclusion/exclusion process, and
« ensuring that practitioner insights were contextualised appropriately.

The methodology values rigour, transparency and responsible combination of a variety of

evidence.
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4 Findings and Analysis

This chapter provides Multivocal Literature Review findings. The findings are structured
based on the four research questions related to (1) current applications of Al in software
product management, (2) reported benefits, (3) Al-related tools and techniques, and (4)
challenges and risks associated with Al adoption. The synthesis integrates insights from
both scholarly studies and credible industry literature to provide a comprehensive

understanding of how Al is transforming product management practices.

4.1 Current Use of Al in Product Management (RQ1)

In the literature under review, Al is gaining popularity among supporting core product
management processes especially where there is a substantial body of user and product data.
It has been most commonly used and reported in the following applications, backlog

refinement, feature prioritisation, sprint planning, road mapping, and performance analysis.
Backlog and Feature Prioritisation

Behavioural telemetry, customer view, and frequency of use are analysed with machine
learning models and determine what features are likely to offer maximum value (Bosch,
Olsson, & Crnkovic, 2018). Al-assisted prioritisation tools enable product managers to rank
items on a backlog using patterns that might not be easily identified during manual

prioritisation.
Road mapping and Forecasting

Predictive analytics facilitate long-run and medium planning. They predict the likely feature
adoption, required resources, and whether alternative roadmap scenarios will have an effect
(Maalej et al., 2016). These models assist product managers modify roadmaps according to

new information as opposed to using just periodic reviews.
Sprint Planning and Estimation

An array of industry sources mentions the application of Al in the estimation of the effort,

assessment of historical velocity, and assessment of relationships in sprint planning (Gartner,
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2024). Such skills enable more life-like commitments in sprints and minimize the potential

of extending oneself.
Documentation and Discovery

Generative Al can be applied to summarise the input of research, write user stories, and
create requirement descriptions (McKinsey and Company, 2024). Although these outputs

need evaluation, they hasten at an early stage product work.
Performance Monitoring and Analysis

The analytics features powered by Al constantly monitor the key metrics, identify
abnormalities, and reveal behavioural patterns. This helps teams to detect trends at earlier

stages and respond faster to needs of users (Shmueli & Koppius, 2011).

Overall, Al is not replacing human responsibility but increasingly acts as a decision-support
layer across the product lifecycle, augmenting analytical tasks and enabling data-informed

decisions.

4.2 Reported Benefits of Al in Product Management (RQ2)

Artificial The literature mentions various advantages of the introduction of Al into product
management processes. All these advantages imply increase in the quality of decisions,
speed, efficiency and strategic alignment.

Improved Decision Accuracy

The more accurate results of product outcomes can be determined, and the behavioural
patterns can be predicted by Al-driven models, rather than by intuition alone (Perini, Susi,

& Avesani, 2013). This will contribute to better-unified and evidence-based decisions.
Enhanced Efficiency and Reduced Manual Work

Generative automation decreases the administrative work: documentation, summarisation,
simple analysis. Predictive models also minimise the workforce that is required in order to

analyse big datasets manually (McKinsey & Company, 2024).

Faster Iteration and Responsiveness
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Insights in real-time enable product teams to adjust plans rapidly because of existing user
behaviours and therefore respond better to change, which is an inseparable part of Agile
workflows (Bosch, Olsson, & Crnkovic, 2018).

Stronger Alignment with User Needs

Using Al-supported analytics assists in detecting new behavioural trends, sentiment trends,
and latent user needs to allow teams to prioritize revolutionary to customer value closer
(Shmueli & Koppius, 2011).

Proactive Risk Detection

With predictive models, it becomes possible to detect anomalies as well as predict the risk
of deliveries, and detect quality concerns that may escalate. This enables early intervention
and stability of products (Maalej et al., 2016).

These advantages show that Al can supplement product manager experience and enhance
the quality of decisions in product activity.

4.3 Challenges and Risks in Al Adoption (RQ4)

The opportunities are sizeable; however, the literature also addresses issues that

organisations have to fight to make Al adoption effective and responsible.
Data Quality and Availability

Al systems need high-quality, representative and consistent data. Fragmented infrastructure,
lack of tracking, or inadequate historic data is one of the reasons many organisations have
challenges with Al predictions (Bosch, Olsson, & Crnkovic, 2018).

Limited Al Literacy

Al systems need high-quality, representative and consistent data. Fragmented infrastructure,
lack of tracking, or inadequate historic data is one of the reasons many organisations have
challenges with Al predictions (Bosch, Olsson, & Crnkovic, 2018).

Explainability and Trust
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Black-box models do not allow teams to understand the reason why a recommendation was
produced. This may hinder adoption and lack of transparency may diminish the trust
(ISO/IEC 42001:2023).

Integration Complexity

To integrate Al into Agile and DevOp procedures, one needs technical infrastructure, such
as automated pipelines, versioning, monitoring and model management. A lot of

organisations do not have the necessary maturity of MLOps (Gartner, 2024).
Ethical and Regulatory Concerns

Among the risks are bias, discrimination, privacy concerns, and adherence to the laws and
requirements, including GDPR and the EU Al act. There should be accountable governance
(ENISA, 2020).

Cultural Resistance

Artificial intelligence can be viewed as a threat to autonomy or creativity by teams. It is
essential to establish trust and make Al a friend instead of a rival to human judgment (Maalej
etal., 2016).

Collectively, these issues demonstrate the importance of organisational preparedness and

articulate structures of governance.

4.3.1 Aligning Al with Agile Practices

Agile teams work in rapid, iterative settings whereby collaboration, flexibility, and
incremental learning is of paramount importance. In contrast to that, Al tools need the
consistency of data pipelines and clear procedures. This stress may culminate into

integration problems.

The literature highlights that Al is supposed to complement but not dictate strictness of

analytical frameworks as in Agile. For example:

e predictive models support sprint planning but do not replace collaborative

estimation,

« backlog scoring supports prioritisation but must be interpreted contextually, and
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« insights generated automatically still require human validation.

The combination of human and Al working is thus crucial to finding a balance when working

in Agile environments (Bosch, Olsson, & Crnkovic, 2018).

4.3.2  Adoption Barriers

Obstacles to the adoption of Al differ among organisations but generally overlook

implementing Al involves:

o limited infrastructure,

lack of cross-functional alignment,

difficulty interpreting model outputs,

lack of governance structures, and

uncertainty about return on investment (ROI).

According to industry reports, early-stage organisations have even fewer constraints because

of the low level of data availability and limited technical resources (Gartner, 2024).

4.3.3  Quality Management

There are issues of quality when Al outputs have not been sufficiently reviewed or where

model drift has taken place because of changing data patterns. Responsible use requires:
o periodic validation of predictions,
e monitoring of performance over time,
« the use of explainability methods, and

« human checkpoints throughout decision processes.
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They are aimed to make sure that Al brings a reliable contribution to the quality of products
(ISO/IEC 42001:2023).

4.4 Thematic Analysis

In the reviewed studies, five themes were noticed:
1. Al-Augmented Decision-Making

Al enhances decision-making through data analysis, acting as a support mechanism rather

than a replacement for human expertise (Maalej et al., 2016; Bosch et al., 2018).
2. Predictive Analytics for Planning

Sprint planning, resource allocation, and roadmap feasibility are significantly improved by
forecasting models and historical data analysis (Shmueli & Koppius, 2011; Gartner, 2024).

3. Governance and Ethical Oversight

Ethical adoption requires transparency, accountability, and strict adherence to regulatory
standards to prevent bias and ensure trust (ISO/IEC 42001:2023; ENISA, 2020).

4. Human-AlI Collaboration

Effective integration requires a "Human-in-the-Loop" approach, combining automation
with contextual understanding and stakeholder alignment (Bosch, Olsson, & Crnkovic,
2018; McKinsey & Company, 2024).

5. Al Maturity and Readiness

The value Al provides is directly linked to an organisation’s investment in data

infrastructure, cross-functional skills, and formalised adoption practices (Gartner, 2024).
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4.5 Implications for Future Implementation

The results indicate that Al can improve software product management significantly, though
only in the case of:

o reliable data,

established governance frameworks,

cross-functional alignment, and

continuous human oversight.

Al is subsequently regarded as an additive feature, allowing product teams to work under
more clarity, speed and strategy albeit maintain human judgement as the pillar of responsible

decision making.
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5 Discussions & Recommendations

This thesis aimed to answer the question of how Atrtificial Intelligence (Al) is influencing
the management of software products (SPM), what are the advantages and difficulties
associated with the integration process, and how organisations can be responsible in
adopting Al. The results, according to the Multivocal Literature Review, indicate that Al can
be used to enhance the strength of decision-making, enhance the prioritisation and planning
of decisions, and become more responsive to the needs of users. Meanwhile, the research
that brings up clear barriers includes issues like the quality of data, organisational
preparedness, transparency demands, and ethical considerations.

These insights are summarised in the discussion below, and they are highlighted in the

context of the role of Al in SPM and areas of future contributions.

5.1 Limitations of the Study

Nevertheless, even though the findings are valuable, there are a number of limitations that

should be recognised to place the conclusions in context.
1. Reliance on Secondary Data

The researcher will use exclusively published scholarly and grey literature. Although this
approach offers highly diverse viewpoints, it was unlikely to offer first-hand information on
the ways organisations feel about Al adoption. Richer empirical evidence would be obtained

through interviews, case studies or direct observations.
2. Rapidly Changing Domain

The development of Al in product management is rapid. New tools, rules of governance,
and best practices become common. Although the review involves the sources as late as

2025, new processes can happen and specify or counteract the results.

3. Disproportionate Representation Among Types of sources.
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The importance of grey literature is related to the fact that industry reports tend to report on
emerging practices earlier than academic studies do. Even though such sources can be useful,
they differ in terms of methodological transparency and might be driven by organisational

views or commercial interests.
4. Inadequate Longitudinal Previously (Limiting) Evidence.

Majority of the current research, particularly in academic field, investigates Al adoption at
one time. It is not yet fully researched whether Al in the long-run impacts the quality of

products or team dynamics, innovation, or strategic decision-making.

These limitations do not compromise the validity of the study but suggest that the findings

can be treated as a picture of up-to-date knowledge, but not as the ultimate findings.

5.2 Future Research Recommendations

On the basis of the limitations and gaps recognized in the literature, it is possible to mention

several areas that require deeper study:
1. Empirical Justification by Case Examinations.

Future research may monitor or quantify the impacts of the use of Al tools on decision-
making and delivery performance and team developments in the actual product

organisations.
2. Longitudinal Research

The future of Al-assisted practices needs to be known and the way organisations cope with

model drift, data manipulation and cultural adaptation must be known.
3. Assessment of Human-Al Co-operation.

Studies must be conducted regarding how product managers perceive Al advice,
circumstances under which they rely on it or disregard it, and factors that contribute to
establishing a more fruitful partnership.

4. Product and Al Governance, and Ethics.
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Further effort is required to evaluate real product environments of ISO/ICEC 42001 in
practical applications of the governance frameworks and how organisations strike a balance

between innovation and regulatory standards.
5. Variations within the Organisational Facts.

The use of Al may have different results among start-ups, scale-ups, and enterprise
organisations. A comparative study may focus on the effects that the size, industry and

culture have on Al maturity and performance.

Developing these fields would increase the level of understanding and aid in the optimization

of responsible practices regarding the management of Al-supported products.

5.3 Establish Clear Governance for Responsible Al Use

The implementation of Al needs to be based on the governance frameworks that provide
transparency, fairness, and accountability. Governance assists product groups to review Al
suggestions, address any probable bias and adhere to regulatory obligations, including the
GDPR and the EU Al Act.

Key actions include:

« Setting out policies regarding data collection, model documentation, versioning and

monitoring.

« Implementing the protocols of reviewing Al-generated outputs prior to their making

of decisions.
e Providing documentation of decisions and decision logs; and

o Following the rules of well-known standards like ISO/IEC 42001:2023 and the rules
of risk management of Al provided by ENISA.

The governance systems form a base of trust in Al systems and prevent case(s) of abuse
or overdependence on automated output. (ISO/IEC 42001:2023)
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5.4 Enhance the Al Literacy of Product Managers

The Al literacy plays an essential role in the interpretation of model outputs, the recognition
of limitations and informed decisions. The product managers do not have to be Al engineers

but be aware of the main concepts like:
e How models are trained,
e What data they depend on,
e How bias may emerge,
o What are the indicators explainable, and;
e Human judgment that beats the automated recommendations.

Product, engineering, and data teams should be brought together through the provision of
training and cross-functional workshops that are offered by organisations. The development
of common ground minimises miscommunication and enhances the response to product

decisions with the technical capacity to respond. (Gartner, 2024)

5.5 Introduction of Al into Agile Existing Processes

Instead of becoming an independent project, Al needs to be incorporated in existing Agile
projects. When used intelligently, Al tools may be used to provide assistance to the backlog

refinement, sprint planning, retrospectives, and road mapping.
Experiential stages of integration:

e Scoring: By using machine learning, then reinforce prioritisation discussions, but not

displace them.
o Add predictive analytics to the sprint planning, to enhance better estimates.
« Utilize the generative tools to support initial drafts of papers and reports.

e Insert Al-derived insights into perspectives in order to determine recurrent patterns.
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Integrating Al in rituals and practices can aid teams in enjoying the advantages of automation

without negating cooperation and transparency. (Maalej et al., 2016)

5.6 Investment into Data Quality and Infrastructure

Al models are fed with credible, representative and consistent data. The quality of data is a
poor quality that reduces any decision-making processes enhanced by Al. Companies are

thus advised to improve and assess their data practices.
Recommended actions:
« Define tracking plans of event information, telemetry metrics and behaviour data.

o Make sure that data sources on product, engineering and customer systems are

incorporated.
e Conduct regular data quality audits to detect inconsistency or differences.

« Principles level heavyweight MLOps can be implemented at prompt stage to enhance

reliability of models as well.

Enriching the data base improves the level of accuracy and relevance of Al-driven insights.
(Bosch et al., 2018)

5.7 Human Oversight and Interpretability

Human judgment should not be obviated by Al. Product managers are still responsible, and
they need to be able to critically interpret Al outputs. Third, explainability (XAl) is necessary

to keep trust and implement utilization responsibility.
Key recommendations:

« Make Al suggestions subject to human validation prior to their accommodation of

prioritisation or planning.

o Help to explain why the model gave an output to the user.
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o Do not rely on complete automation in places that require context to make decisions

(e.g. ethical choices).
e Introduce human in-the-loop controls in the product decision cycles.

The practices will make Al complement a human decision-making process without trying to
undermine its priority or the purpose of the product. (McKinsey & Company, 2024)

5.8 Introduce a Continuous Monitoring Feedback Loops

Al systems need to be reviewed constantly, especially when it comes to a dynamic product
environment where user behaviour and data patterns evolve over time. This constant
monitoring will eliminate degradation of model performance and will help in long-term

reliability.
Recommended practices:
o consider the solidity and helpfulness of Al decisions on a timely basis.
« monitor model drift through the analysis of expected and actual results.
e include Al assessment within quarterly planning and sprint retrospectives.
« modify data, model parameters, or validation criteria when necessary.

Product Al has feedback mechanisms that make the Al develop together with the product
and stay consistent with organisational goals.

5.9 Test Frameworks Empirically

The additional empirical confirmation is significant to the organisations that create their own

Al systems or implement new decision-support systems. Evaluation should include:

e product team surveys or interviews on the perceptions of the usefulness, transparency
and risks of Al.

o pilot projects In small-scale On artificial intelligence-aided workflow testing.
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o longitudinal assessment of results in terms of accuracy of decisions, delivery

performance and stakeholder satisfaction.

With these tests, organisations can then optimise their Al adoption strategies, and then scale

it within teams or product lines.

5.10 Summary

The efficient and accountable application of Al in software product management needs:

e governance,

o (data quality,

e human oversight,

o explanation mechanisms,

« cross-functional literacy,

o technical integration, and

e continuous improvement.

These recommendations provide a practical foundation for organisations seeking to

transform product processes while safeguarding ethical principles and human accountability.

responsible practices regarding the management of Al-supported products.
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6 Conclusion

Al is also progressively integrated into the software product management practices and has
already started to change the ways in which the product teams prioritize, plan, and deliver
value. This thesis explored the use of Al with a Multivocal Literature Review of scholarly
research and credible sources in the industry between 2016 and 2025. The results indicate
that Al increases the accuracy of decisions, efficiency, predictive planning, and the
alignment with customer needs. These advantages occur in terms of backlog prioritisation,

sprint planning, road mapping, documentation and performance monitoring.

Nonetheless, the adoption of Al presents problems as well. Responsible use entails robust
global data, viability, cross-functional readability, and governance models. Devoid of such
foundations, Al can create biased or inaccurate recommendations, augment the
organisational risk, or ruin the trust of stakeholders. The literature making is unanimous that

Al must adjudicate human judgment but not replace it.

The value of this thesis is that it synthesises existing knowledge base, notices significant
advantages and obstacles, and is a valuable source of practical suggestions to those
organisations that aim to implement Al in product managing. The article highlights the
importance of governance, data quality, human supervision and unremitting supervision as
the key requirements of responsible Al usage. It further provides the necessity of empirical
research in the future to prove and perfect these findings in practical organisational

situations.

Finally, Al can make the software product management much stronger, but this can only be
achieved when it is treated as a tool of strategy enhancement but not the replacement of
human experience. Incorrect use of Al leads to expensive issues, while respectful use can
make product teams more transparent, fast, and flexible, uphold productive decisions in the

context of contemporary software.

The results indicate that Al can improve the management of software products with higher
accuracy of decisions, faster analysis, and better consistency with customer requirements.
But adoption cannot be successful based merely on the introduction of individual tools. It

relies on the organisational readiness, the maturity of the data, governance frameworks and
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the proactive participation of product managers in the interpretation and verification of the
Al generated insights. With a view to the evidence gathered as part of the Multivocal
Literature Review, the subsequent recommendations would provide an insight into what
organisations could and should do to integrate Al into product management in a responsible

and successful manner.
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