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1. Executive Summary

In the wake of rapid advancements and investments in AI technologies, integrating AI into

software products has become widespread. Product Manager, also called “Mini-CEO”, plays

a crucial role in driving this innovation. However, as ethical considerations gain prominence,

it is imperative for Product Managers to incorporate responsible AI principles into their

product management practices for “responsible innovation”. Ethical issues of AI are

well-documented, but there is a notable scarcity of research on integrating responsible AI into

product management. This gap leaves Product Managers ill-equipped to ensure ethical and

sustainable AI development, risking unintended consequences for users and society.

This study aims to fill this gap by answering two research questions: 1. How do organizations

currently integrate responsible AI into their product management? 2. What are the challenges

of integrating responsible AI into product management? For this purpose, a semi-systematic

review of the literature is conducted. A conceptual framework is also developed,

incorporating the Responsible Innovation and ISPMA SPM frameworks. For data collection,

20 semi-structured interviews were conducted with AI product managers, consultants, and

researchers in responsible AI space. A thematic analysis of interviews was conducted to gain

insights from the experiences and perspectives of the interviewees.

Research findings indicate that understanding market needs for ethical values, incorporating

responsible AI into practices such as roadmapping and product lifecycle management, and

continuous performance and risk assessments are crucial for ethical AI products. Effective

stakeholder coordination and comprehensive documentation to meet ethical standards are also

essential for ensuring AI products align with regulatory requirements and user expectations.

The study also identified several challenges in responsible AI integration, such as increased

overheads, unrealistic customer expectations, complexity, skill shortages, and negligence in

the early stages. Strategies to address these include automated risk assessments, effective

customer communication, thinking beyond regulations, forming dedicated RAI teams,

adopting holistic approaches, and engaging in external collaboration. This research provides

insights for AI product managers to integrate responsible AI and for researchers and

policymakers to develop informed regulations and policies for safer AI products.

Keywords: Responsible AI, Responsible Innovation, Ethical Issues of AI, Product

Management, AI Product Management, AI Products
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2. Introduction

2.1. Research Problem

Artificial intelligence has been around for decades, accompanied by a long-standing array of

ethical issues. Recent advancements in generative AI have introduced unprecedented ethical

challenges. Despite ethical challenges, AI products are increasingly emerging across various

industries, catering to both consumer and business markets. Investors are injecting substantial

funds into AI startups, and major corporations are committing billions to embed AI into their

existing and new product lines. In response, governments are working on regulations, while

international organizations are developing various frameworks to address these concerns.

In this evolving landscape, the role of an AI product manager is crucial in driving AI

innovation and addressing ethical concerns. Product managers, also called “Mini-CEO”, are

tasked with guiding products from discovery to launch, encompassing planning,

development, and deployment. They serve as an interface between the top management,

development teams, and the customers playing a pivotal role in the success or failure of a

software product.

Considering the significant influence product managers have on the trajectory of products, it

is essential to examine how they integrate responsible AI principles into their practices and

the challenges they encounter. However, this topic has not been adequately explored in

existing literature. This gap highlights the need for an empirical study to provide valuable

insights into navigating the ethical challenges of AI products. These insights will also assist

researchers and policymakers by highlighting the perspectives of AI product managers,

enabling more informed and effective regulation and policy development. Ultimately, this

exploration will contribute to the creation of safer AI products that benefit society as a whole.

2.2. Research Objectives

This research study has the following objectives:

1. Examine the current practices of organizations in integrating responsible AI into

product management.

2. Identify the challenges organizations face in integrating responsible AI into product

management and the strategy to deal with those challenges.
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2.3. Research Questions

This study aims to answer the following research questions:

1. How do organizations currently integrate responsible AI into their product

management?

2. What are the challenges of integrating responsible AI into product

management?

2.4. Structure of Thesis Report

Chapter 1 provides an executive summary of the research. Chapter 2 introduces the research

problem, research objectives, research questions, and the structure of the report.

Chapter 3 explores the relevant literature covering artificial intelligence (AI), ethical issues of

AI, responsible AI (RAI), its challenges, and product management (PM).

Chapter 4 discusses the conceptual framework, based on the Responsible Innovation (RI)

AREA Framework and the ISPMA SPM Framework, for analysis of the research findings.

Chapter 5 explains the research methodology, research design, and research methods for the

literature review, data collection, interview guide, sampling, and data analysis. Ethical

considerations and validation procedures are also discussed within this chapter.

Chapter 6 presents the findings from the interviews, followed by a validation of the findings.

Chapter 7 discussed the findings in light of the literature and the selected frameworks.

Limitations of the study are also mentioned in this chapter.

Chapter 8 provides a conclusion of the research. Chapter 9 provides a list of references in

APA style. Chapter 10 contains all the appendices referenced throughout the report.
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3. Literature Review

3.1. Introduction

This review focuses on the key literature relevant to the research problem and the research

questions mentioned in the previous section. This will help explore the already available body

of knowledge and identify the key areas for further contributions. This review covers topics

including artificial intelligence (AI), state-of-the-art AI products, ethical issues of AI,

responsible AI principles and frameworks, product management, integration of responsible

AI, challenges and implications, and a conclusion in the end.

3.2. Artificial Intelligence (AI)

Before discussing responsible AI and its integration into product management, it is important

to understand what artificial intelligence is. This section provides an overview of definitions,

classification, and ethical issues of AI and a brief list of widely used AI products.

3.2.1. Definitions of Artificial Intelligence

The term Artificial intelligence, AI in short, was coined by John McCarthy in a summer

workshop at Dartmouth in 1956 (Tecuci, 2012). McCarthy (2004) defines AI as “the science

and engineering of making intelligent machines, especially intelligent computer programs.”

However, this is not the only definition of AI. The term "Artificial Intelligence (AI)" lacks a

universally accepted definition, leading to varied interpretations within and outside the field

(P. Wang, 2008, 2019). Numerous attempts have been made to define artificial intelligence,

however, each definition has faced criticism and has failed to achieve consensus within

individual disciplines, let alone universal agreement (Abbass, 2021). Definitions of AI are

inherently challenging and they cannot completely achieve universal applicability where each

definition may serve different contexts more effectively (Abbass, 2021). In their 2019 study,

Bawack et al. reviewed how industry experts define AI, finding that practitioners use various

terms interchangeably to describe AI technologies such as machine learning, deep learning,

NLP, computer vision, robotics, speech recognition, and neural networks.

Nevertheless, it is important to define artificial intelligence for various reasons. Martinez

(2019) discusses the challenges stemming from the undefined nature of artificial intelligence

(AI), emphasizing the significant legal and policy issues that arise without a clear conceptual
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framework. The evolving nature of AI complicates efforts to establish a definitive definition,

which impacts both technological development and regulatory frameworks (Martinez, 2019).

Abbass (2021) also highlights the organizational struggles in defining AI, stressing the

implications such definitions carry for technological assessments, legal considerations, and

strategic planning within businesses.

As mentioned earlier, different researchers, practitioners, and organizations propose different

definitions of artificial intelligence. Samoili et al. (2020) compiled a comprehensive summary

of AI definitions spanning from 1955 to 2019.

In a broader sense, there are two aspects of AI i.e. AI as a scientific discipline and AI as a

technological system.

AI as a Scientific Discipline

Tecuci (2012) defines Artificial intelligence (AI) as the field focused on creating systems

with human-like intelligence, such as perception, natural language processing,

problem-solving, learning, and adaptation. It is a broad interdisciplinary field intersecting

with computing, mathematics, linguistics, psychology, neuroscience, engineering, statistics,

economics, control theory, cybernetics, and philosophy. Tecuci (2012) also identifies key

research areas in AI i.e. knowledge representation, problem-solving, planning, knowledge

acquisition, learning, natural language, speech, vision, and robotics.

According to (EU AI HLEG, 2019b) AI, “as a scientific field, encompasses various methods

and techniques. These include machine learning (with specific examples being deep learning

and reinforcement learning), machine reasoning (encompassing planning, scheduling,

knowledge representation and reasoning, search, and optimization), and robotics (which

involves control, perception, sensors, actuators, and integrating these methods into

cyber-physical systems)”.

Wang (1995, 2008), described five typical ways to define AI, corresponding to establishing

the similarity between intelligent computer and the human mind by structure, behavior,

capability, function, and principle, respectively. Abbass (2021) defines AI as the automation

of cognition and the ability of machines to socially integrate, perform complex tasks, and

communicate effectively with high-information content messages.
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AI as a Technological System

AI as a technological system is also defined by various organizations, each highlighting

different aspects. The US Department of Defense focuses on AI's ability to perform tasks

requiring human intelligence. The EU and OECD emphasize AI's capacity to process data,

make decisions, and adapt based on its environment. Some notable definitions include:

● The US Department of Defense AI Strategy: “the ability of machines to perform

tasks that normally require human intelligence” (Allen, 2020).

● EU AI High-Level Expert Group: “Artificial intelligence (AI) systems are software

(and possibly also hardware) systems designed by humans that, given a complex goal,

act in the physical or digital dimension by perceiving their environment through data

acquisition, interpreting the collected structured or unstructured data, reasoning on the

knowledge, or processing the information, derived from this data and deciding the

best action(s) to take to achieve the given goal. AI systems can either use symbolic

rules or learn a numeric model, and they can also adapt their behavior by analyzing

how the environment is affected by their previous actions” (EU AI HLEG, 2019a).

● European Parliament: “‘AI system’ means a machine-based system that is designed

to operate with varying levels of autonomy and that may exhibit adaptiveness after

deployment, and that, for explicit or implicit objectives, infers, from the input it

receives, how to generate outputs such as predictions, content, recommendations, or

decisions that can influence physical or virtual environments” (European Parliament,

2024).

● OECD: “An AI system is a machine-based system that, for explicit or implicit

objectives, infers, from the input it receives, how to generate outputs such as

predictions, content, recommendations, or decisions that can influence physical or

virtual environments. Different AI systems vary in their levels of autonomy and

adaptiveness after deployment” (OECD, 2024).

Considering this it can be said that each researcher can decide how to employ the term "AI,"

but clarity is crucial when discussing findings, ensuring a thorough understanding of its

implications (P. Wang, 2019). For this research, AI as a technological system will be focused

instead of AI as a scientific discipline. Also, definitions by the EU and OECD will be used as

a reference for this research.
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3.2.2. Classification of Artificial Intelligence

AI can be classified in various ways. For instance, Strelkova (2017) categorizes artificial

intelligence into three levels: ANI, AGI, and ASI. ANI, or Artificial Narrow Intelligence,

excels in a specific domain, such as defeating a chess champion but lacks broader

capabilities. AGI, or Artificial General Intelligence, surpasses human intelligence, possessing

abilities like reasoning, problem-solving, and abstract thinking. ASI, or Artificial Super

Intelligence, represents intellect far superior to humans across all domains, including

scientific innovation and social skills (Strelkova, 2017).

According to Morandín-Ahuerma (2022), AI can be classified in two main ways: based on its

cognitive abilities and based on its autonomy. In terms of cognitive capacity, AI systems are

categorized as weak or limited AI, general AI, and superintelligence. Meanwhile, in terms of

autonomy, AI can be reactive, deliberative, cognitive, or autonomous.

AI can also be divided into the following subfields:

Machine Learning: It enables machines to perform tasks autonomously by learning from

data, through a process known as training (OECD, 2024), rather than being explicitly

programmed by humans (Allen, 2020; Morandín-Ahuerma, 2022). ML is grounded in various

disciplines, including statistics and computer science, encompassing four main algorithm

families: supervised learning, unsupervised learning, semi-supervised learning, and

reinforcement learning, each differing in data usage and learning methods (Manning, 2020).

Deep Learning: It is a highly effective machine learning technique (Manning, 2020). It

involves utilizing large, multi-layered artificial neural networks that operate with continuous

numerical representations, similar to the hierarchical structure of neurons in the human brain.

It is capable of generalizing well from limited data and scaling efficiently to accommodate

large datasets and computational demands (Manning, 2020).

Generative AI: A subfield of AI, that focuses on creating new data by leveraging deep

learning and neural networks to identify and replicate patterns from existing data (Ray, 2023).

Popular generative AI models include GANs, VAEs, and Transformer-based models (Aydın

& Karaarslan, 2023) which enable systems to generate diverse content such as music, images,

and text without specific training (Mondal et al., 2023).
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3.2.3. State of the Art of AI Products

AI is widely used in modern vehicles for functions like antilock brakes and fuel injection as

well as in Google's search engine, Facebook's Newsfeed, and email spam filters (Strelkova,

2017). AI is also crucial in aviation, military, manufacturing, and finance, especially in

high-frequency trading (Strelkova, 2017). According to (Martinez, 2019), initially,

applications of AI were limited, such as serving as a chess opponent, but have since expanded

to outperform humans in various complex tasks such as consumer behavior prediction,

medical diagnostics, and creative endeavors. Moreover, emerging AI applications include

mind reading, death prediction, and advanced surveillance, indicating a trajectory toward AI

systems surpassing human abilities (Martinez, 2019).

There are various AI products in the market offering different features to their users across

various verticals (Product Hunt, 2024; Top Startups, 2024; Y Combinator, 2024). These AI

products have attracted investors in the past couple of years. In Q1 2024, venture funding for

AI startups increased to $12.2 billion across 1,166 deals, a 4% rise from Q4 2023, according

to Crunchbase data (Metinko, 2024). Following is a list of some of the AI products that

gained traction in recent years.

1. ChatGPT: AI chatbot by OpenAI that utilizes GPT-3.5 and GPT-4 to engage in

human-like conversations, making it useful for various tasks such as customer

support, content creation, and interactive assistance (Toolify, 2023).

2. DALL-E 2: AI system that generates realistic images from text, offering features like

outpainting, inpainting, and high-resolution image creation (OpenAI, 2024).

3. GitHub Copilot: An AI-powered tool integrated with popular code editors enhances

developers' productivity by providing contextual code completions, chat assistance,

and code explanations within their development environment (GitHub, 2024).

4. Adobe Firefly: A standalone web app using generative AI to enhance creative

workflows, offering text-to-image, text-based editing, and media generation,

integrated with Adobe's flagship apps and Adobe Stock (Adobe, 2024).

5. Claude: Advanced AI developed by Anthropic that prioritizes safety, accuracy, and

security, excelling in text and code generation, idea facilitation, image transcription,

and real-time multilingual translation for enhanced productivity (Claude, 2024).
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3.3. Ethical Issues of AI

Ethical issues of AI are extensively examined in the literature (Wirtz et al., 2020) with an

increasing interest in the ethical implications and social impacts of artificial intelligence (AI)

across various sectors, including industry, academia, and the public (Hagerty & Rubinov,

2019). AI ethics are also covered by media which has an influence on public opinion and

technology adoption (Ouchchy et al., 2020). However, the sophistication of discussions on AI

ethics in media is limited, lacking depth in both technical understanding and ethical

frameworks (Ouchchy et al., 2020).

In a study conducted by the SHERPA project funded by the EU, Stahl (2021) highlights

numerous ethical issues associated with AI. It reflects a long-standing tradition of ethics

discussions in AI literature which is now emerging from policy perspectives as well. Stahl

(2021) empirically investigated people's perceptions of AI ethics identifying and defining 39

distinct ethical issues related to AI. The identified ethical issues span a wide range, including

concerns such as lack of trust, privacy issues, biases, job displacement, and potential military

applications. These issues encompass impacts on innovation, public services, health,

democracy, and human rights, reflecting diverse challenges posed by AI technologies.

In another study, Khan et al. (2022) conducted a systematic literature review (SLR)

identifying 22 ethical principles and 15 challenging factors critical for AI system designers

including 4 main principles i.e. transparency, privacy, accountability, and fairness. According

to Khan et al. (2022) the challenges in AI ethics, such as lack of ethical knowledge and vague

principles, hinder effective implementation of ethical principles. Mikalef et al. (2022) also

outline similar ethical challenges across different principles of responsible AI including

Fairness (biased outcomes, consumer bias exploitation, price homogenization, design

neglect), Transparency (lack of explainable AI procedures, insufficient risk communication,

traceability issues), Accountability (unclear responsibility, inadequate response mechanisms,

"no-fault" policies), Robustness and Safety (AI endangering human life, data poisoning,

malicious AI use), and Data Governance (privacy breaches, biased data, unauthorized

access). Wach et al. (2023) highlight the dangers of Generative AI (GAI), particularly

ChatGPT, citing potential biases, privacy and security risks, ethical concerns, and the

possibility of creating harmful or deceptive content.
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Wirtz et al. (2020) discuss 4 key challenges of AI i.e. AI rulemaking for humans, AI

discrimination, Moral dilemmas, and Compatibility of machine and human value judgment.

Wirtz et al. (2020) elaborates that AI's decision-making in regulating human behavior is

rational and driven by its programmed rules, lacking emotional or conscious factors, which

can lead to unintended consequences. AI discrimination, highlighted by researchers and

governments, addresses biases in AI systems stemming from inaccurate training data,

potentially leading to unjust outcomes in human-related decisions like hiring or loan

approvals. Moral dilemmas arise when AI systems confront conflicting ethical choices, where

implemented rules may change during learning processes unless AI is constrained by rigid

guidelines, risking autonomy. Ensuring AI aligns with human values without developing

divergent behavior poses a challenge, requiring governance to mitigate risks and ensure

beneficial AI applications (Wirtz et al., 2020). According to Whittlestone et al. (2019), ethical

ideals for AI often clash in practice, where prioritizing one value may necessitate

compromising another. For instance, Advancing complex algorithms for better predictions

could reduce transparency, while data-driven technologies might undermine full assurance of

data privacy. Despite these risks, communities may accept them for substantial benefits like

innovative cancer treatments. Whittlestone et al. (2019) further provide hypothetical

illustrations for ethical dilemmas:

1. Balancing algorithm accuracy in decisions with fairness: A jurisdiction adopts a

recidivism risk algorithm for bail and parole decisions, which is highly accurate on

average but disproportionately discriminates against black defendants due to higher

false positive rates.

2. Balancing personalization benefits with societal solidarity: A company offers

personalized insurance using algorithms trained on detailed datasets, leading to

tailored services but potentially undermining support for publicly funded services.

3. Balancing service efficiency with privacy: A public hospital shares patient data with

a private company to implement a diagnostic algorithm, enhancing healthcare

efficiency but raising concerns about patient privacy and consent.

4. Balancing automation's convenience with human self-actualization: AI enables an

all-purpose personal assistant that enhances convenience but reduces opportunities for

personal skill development and creativity, potentially homogenizing human

experiences.
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Meek et al. (2016) mentioned the ethical issues of AI including its interaction with humans

and other life forms, potential existential risks posed by AI systems, the need for regulatory

frameworks similar to pharmaceuticals, and the establishment of national and international

ethics committees to oversee AI development and ensuring ethical standards are upheld.

Mikalef et al. (2022) also argue that a comprehensive understanding of AI should include

scrutiny of its potential unintended consequences because analyzing these effects during AI

development and deployment can enhance our understanding of the value derived from such

technological investments. Meek et al. (2016) highlight the necessity of addressing ethical

and risk issues in managing emerging technologies like AI, ensuring AI is not intrinsically

harmful is important for its safe integration into society.

Healthcare is an important sector where ethical issues of AI are critical. Safdar et al. (2020)

discussed four key ethical issues of AI in the context of healthcare. First, AI algorithms often

exhibit selection bias, leading to reduced accuracy for underrepresented groups and potential

over-reliance on automated systems, risking erroneous results. Second, AI applications in

medicine struggle with rare conditions and may fail to generalize across different practice

settings, necessitating careful integration and local data augmentation. Third, ownership and

usage rights of patient-derived data vary by jurisdiction, raising complex issues in a global AI

marketplace, especially under regulations like the GDPR. Fourth, large datasets essential for

ML models challenge privacy protections, with regulations like the GDPR requiring strict

data use and transparency, though true de-identification remains difficult (Safdar et al., 2020).

Focusing on the social impacts of AI across five global regions, Hagerty & Rubinov (2019)

indicate that AI's social impacts vary significantly depending on the geographical context,

with local cultural and social settings profoundly shaping perceptions and understandings of

AI. Research in U.S. settings shows that AI-driven technologies often entrench social divides

and exacerbate social inequality, particularly among historically marginalized groups. This

pattern of entrenching social divides is evident globally, with low- and middle-income

countries being more vulnerable to AI's negative impacts and less likely to benefit from its

advancements. Hagerty & Rubinov (2019) mentioned that the current analyses of AI are

predominantly biased toward U.S. perspectives and lack comprehensive research, especially

from regions outside the U.S. and Western Europe.

Nevertheless, the ethical issues of AI are central to discussions on the future governance and

regulation of AI technology (Wirtz et al., 2020).
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3.3.1. Real-Life Cases of Ethical Issues of AI

This section provides a brief list of real-life cases of ethical issues of some of the AI products.

For this purpose, AIAAIC’s open repository is used which catalogs incidents and

controversies related to AI, algorithms, and automation, offering an objective view to help

users analyze the ethical and risk implications of these technologies (AIAAIC, 2024).

1. EU Election and False Information: AI chatbots from major tech companies spread

misinformation about the European election by providing incorrect dates and ballot

information, highlighting AI's tendency to hallucinate (Politico, 2024).

2. Autopilot Car Crash: A Tesla driver in autopilot mode faces vehicular homicide

charges after his vehicle struck and killed a motorcyclist in Washington, highlighting

safety concerns over AI-driven auto-drive features (New York Post, 2024).

3. AI Song Generators and Copyright Infringement: Major music labels are suing AI

song generators Suno and Udio for copyright infringement, alleging they mimic

existing songs without permission (The Guardian, 2024).

4. Robot Arm Crushed Factory Worker: A worker at a factory in Thailand died after

being crushed by a robot arm while laying out metal sheets, raising safety concerns in

manufacturing despite factory claims of proper robot function (Jolly, 2024).

5. Google's AI Search Tool’s Misleading Responses: Google's AI-generated search

summaries, known as "AI Overviews”, generated misinformation and bias, including

false historical claims and dangerous advice (Euronews, 2024).

6. WHO’s AI Health Chatbot: The WHO's AI chatbot SARAH sometimes gives

outdated or incorrect answers to questions related to basic health information due to

its training on older data. This raises ethical concerns about misinformation in public

health, highlighting the limitations and risks of AI in healthcare (Bloomberg, 2024).

7. YouTube's captions insert explicit language in kids' videos: YouTube's

AI-generated captions on kids' videos often misinterpret words into explicit language,

raising ethical concerns about content suitability for children. Researchers highlight

the issue of "inappropriate content hallucination," where AI algorithms inaccurately

transcribe audio, leading to potentially harmful outcomes (Simonite, 2022).
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3.4. Responsible AI (RAI)

3.4.1. Definitions of Responsible AI

Similar to Artificial Intelligence, Responsible AI is subject to various definitions and

interpretations. These identify moral and ethical considerations, empirical approaches, ethical

behavior, and societal consequences (Deshpande & Sharp, 2022). Dignum (2019) highlights

that Responsible AI means different things to different people and contexts, for instance,

governance policies for AI research and deployment, the role of developers, issues of

inclusion and diversity, and reflections on the benefits and risks of AI.

In a report published by the Global Index on Responsible AI, R. Adams et al. (2024) referred

to Responsible AI as the creation, development, implementation, and governance of AI

systems in a manner that honors and safeguards all human rights while adhering to ethical

principles throughout the AI lifecycle and value chain. According to R. Adams et al. (2024),

responsible AI requires that everyone involved in the national AI ecosystem is responsible for

the human, social, and environmental consequences of their actions.

Lu et al. (2022) refer to responsible AI as the ethical development of AI systems to benefit

humans, society, and the environment. (Y. Wang et al., 2020) describe RAI as a governance

framework that emphasizes designing and implementing ethical, transparent, and accountable

AI solutions while maintaining individual trust, minimizing privacy invasion, meeting

stakeholder expectations and regulatory requirements, and placing end-users at the center of

AI design and implementation. Dignum (2019) defines RAI as focusing on human

accountability in creating intelligent systems that enhance human well-being and

sustainability. It emphasizes designing AI to respect societal values, ensure transparency, and

address ethical considerations in diverse multicultural contexts.

Despite the diversity in definitions, there is a common approach where Responsible AI is

often defined using certain AI principles. For instance, according to Barredo Arrieta et al.

(2020), RAI is “systematic adoption of several AI principles for AI models to be of practical

use.” Barredo Arrieta et al. (2020) suggest that these principles, which include explainability,

fairness, accountability, and privacy, are essential for AI models to be effectively utilized in

real-world settings. Similarly, de Laat (2021) denotes responsible AI as “AI that is fair and

non-biased, transparent and explainable, secure and safe, privacy-proof, accountable, and to

the benefit of mankind.” For the purpose of this research, these two definitions will be used.
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3.4.2. Frameworks for Responsible AI

The increasing use of AI and the importance of addressing ethical concerns related to AI have

resulted in the creation of numerous guidelines and frameworks aimed at ensuring that AI

technologies are developed and deployed in a “responsible” manner. These frameworks use

different terminologies such as Ethical AI or Trustworthy AI along the term “responsible AI”.

Jobin et al (2019) conducted a scoping review of 84 non-legal documents issued by various

organizations to map existing principles and guidelines for ethical AI. The majority of these

documents were published by private companies, followed by governmental agencies but also

other contributors including academic institutions, intergovernmental organizations, and

non-profits. Most of these documents originated from economically developed countries,

such as the USA, the UK, and the European Union while African and South American

countries had no independent representation. Many of these guidelines were intended for

multiple stakeholders while others targeted specific groups within the issuer's sphere, such as

employees. Some documents focused on the public sector, private sector, developers or

designers, organizations, and researchers. According to Jobin et al. (2019), these frameworks

include 11 key ethical principles including transparency, justice and fairness,

non-maleficence, responsibility, privacy, beneficence, freedom and autonomy, trust, dignity,

sustainability, and solidarity. Transparency, justice and fairness, non-maleficence,

responsibility, and privacy were frequently referenced, appearing in over half the sources

while no single principle was common across all documents. Another important point is that

despite convergence around certain principles, significant differences exist in their

interpretation and the specific recommendations derived from them (Jobin et al. 2019).

Barletta et al. (2023) classified responsible AI frameworks w.r.t. the type of proposing

institution using three categories: COMPANIES, UNIVERSITIES, and NO-PROFIT ORG /

COMMUNITIES / PUBLIC ENTITIES (NPG/COMM/PE). Barletta et al. (2023) further

classified these frameworks as Principle (for abstract ethical principles), Guideline (for

concrete guidelines), and Tool (for verifying compliance and supporting the implementation

of principles or guidelines). According to Barletta et al. (2023) NPG/COMM/PE contributed

the most frameworks, followed by COMPANIES and then UNIVERSITIES. Also,

COMPANIES and NPG/COMM/PE focused more on Principles, whereas UNIVERSITIES

predominantly proposed Guidelines; COMPANIES and UNIVERSITIES also introduced a

higher proportion of Tools compared to NPG/COMM/PE.
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Barletta et al. (2023) also identify funding disparities affecting framework prevalence,

notably between companies and non-profits, with a trend of frameworks lacking actionable

tools, hindering the effective implementation of principles. Barletta et al. (2023) find that

most frameworks for Responsible AI address the four main ethical principles (i.e.

Transparency, Fairness, Technical Robustness & Safety, and Privacy & Data Governance) to

some extent, though often partially. However, some frameworks neglect one to three

principles, possibly due to the lack of global consensus on RAI definitions and principles, and

ethical concerns like Ethics Bluewashing and Digital ethics shopping among companies.

Barletta et al. (2023) find that most Responsible AI frameworks focus predominantly on early

phases of the SDLC, such as Requirements Elicitation, neglecting crucial phases like Design

and Deployment. This lack of comprehensive guidance poses challenges for implementing

and validating RAI principles across the entire SDLC. Additionally, there is a notable scarcity

of practical tools accompanying theoretical frameworks across all entity types, with

companies leading in offering tools that cater to both technical and non-technical

stakeholders, aiming to provide comprehensive support throughout all SDLC phases. Barletta

et al. (2023) highlight the fragmented nature of current Responsible AI recommendations,

advocating for a unified framework to seamlessly integrate knowledge across organizational

contexts and foster widespread adoption in public and private sectors.

Another study was conducted by Narayanan & Schoeberl (2023) which reviewed over 40

responsible AI frameworks revealing a diversity of approaches from various entities.

According to Narayanan & Schoeberl (2023), the literature highlights the evolution of tools

for implementing responsible AI systems, emphasizing the challenge of tool selection and

application. Process-based frameworks offer a systematic approach to address these needs by

guiding organizations in prioritizing design aspects, integrating accountability into teams, and

engaging impacted communities. Frameworks vary in specificity, often balancing flexibility

with the need for clear implementation guidance. Challenges include determining target

audiences and aligning framework capabilities with organizational needs, which can be

time-consuming and complex. Narayanan & Schoeberl (2023) also developed a matrix to aid

organizations in selecting and implementing frameworks tailored to their operational

contexts. This matrix categorizes frameworks by user relevance and utility, facilitating

informed decisions about framework adoption based on specific AI system components,

lifecycle stages, or related characteristics.
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3.5. Responsible AI Principles and Practices

As mentioned earlier one common approach to define responsible AI is to use certain AI

principles. Each framework provides its own set of principles. Here are some of the most

frequently discussed principles across various frameworks:

3.5.1. Fairness

Fairness is a key principle of AI Ethics which emphasizes that AI systems should be inclusive

and accessible throughout their life cycle, avoiding unfair discrimination (Zhu et al., 2022).

It emphasizes the avoidance of discriminatory decisions by the AI system that impact values

such as dignity and justice, aiming to foster social fairness (Khan et al., 2022). Fairness

issues include biased outcomes, exploitation of consumer biases, price homogenization and

market collusion, and inaccessibility due to design negligence (Mikalef et al., 2022).

According to Whittlestone et al. (2019), fairness remains a concept without a universal

definition in philosophy where definitions may vary depending on language, culture, and

political context. Different approaches include: Utilitarianism seeks to maximize overall

benefit in distributions of outcomes, egalitarianism strives for as much equality as possible,

and minimax theory prioritizes the maximum benefit for the worst-off. Alternatively, some

theories focus on the fairness of outcome determinants, considering whether outcomes stem

from individual choices or external factors like historical injustices (Whittlestone et al.,

2019). Dignum (2019) also mentioned various normative interpretations of fairness leading to

different actions. Thus, it is crucial to clarify the interpretation used and explicitly state how

norms are implemented in a system, as this depends on the context and the designers'

perspectives (Dignum, 2019). According to Laato et al. (2022), fairness in AI involves the

subjective perception of whether decisions or recommendations feel just. Studies suggest that

users may distrust or perceive an AI model as unfair if they believe the task it performs is

unsuitable for algorithmic decision-making, regardless of improvements made to the system.

De Laat (2021) argues that numerous interpretations of fairness led to the development of

specific, precise fairness metrics integrated into open-source software tools, enabling

customization of machine learning models to align with desired fairness criteria. However,

selecting or designing an appropriate fairness function for specific applications ex-ante is

complex and context-dependent (Prem, 2023). Moreover, defining precise mathematical

definitions of fairness for machine learning systems is also challenging because optimizing
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for various intuitive fairness dimensions simultaneously can be mathematically impossible.

This ambiguity complicates efforts to ensure that AI, data, and algorithms consistently adhere

to principles of fairness in practical applications (Whittlestone et al., 2019).

The EU AI HLEG (2019a) identified two dimensions of fairness in AI i.e. substantive and

procedural dimensions. Substantively, it aims to ensure equitable distribution of benefits and

costs, prevent bias and discrimination, and promote equal access to opportunities.

Procedurally, fairness requires transparent and contestable decision-making processes,

accountability for decisions, and mechanisms for effective redress against AI-driven

decisions. This approach seeks to balance societal interests while respecting individual

freedoms and ensuring ethical AI deployment.

De Laat (2021) highlights that bias in datasets can lead to biased machine-learning models,

resulting in discriminatory predictions against specific groups. Ethical concerns arising from

unfair decisions based on factors like race, age, or gender necessitate detecting biases related

to sensitive data affecting protected groups to ensure fairness in AI (Barredo Arrieta et al.,

2020). This requires early consideration in the data processing pipeline, with best practices

and bias mitigation mechanisms integrated at various stages (Zhu et al., 2022).

Benjamins et al. (2019) discuss various definitions: “unawareness” removes sensitive

variables but may overlook proxy features; “group fairness” considers fairness for all

individuals; “individual fairness” models differences within the population; and

counterfactual fairness explores bias causes through causal graphs. There are two main

actions that can be considered for fairness in ML i.e. evaluation and mitigation. Evaluation

involves measuring bias against one or more criteria such as statistical parity difference and

equal opportunity difference, while mitigation aims to reduce bias in sensitive attributes

through techniques like pre-processing, in-processing, and post-processing (Benjamins et al.,

2019).

Prem (2023) argues that when fairness is seen as a property of AI classifiers, engineers focus

on algorithmic improvements. However, examining fairness at the application and societal

levels raises questions about whether algorithmic tuning alone can adequately address ethical

concerns, shifting the discussion to broader social and political considerations of fairness

(Prem, 2023). Vesnic-Alujevic et al. (2020) highlight that research often addresses the ethical

challenge of biases and discrimination in AI, however, policy documents lack detailed

elaboration on this issue, which could increase societal inequalities and harm certain groups.
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3.5.2. Accountability

Accountability in AI systems involves identifying and assigning responsibility to individuals

across the lifecycle of AI development and ensuring human oversight to oversee AI outcomes

(Zhu et al., 2022). It aims to address liability issues by assigning responsibility for system

decisions and actions to stakeholders, thus mitigating potential culpability concerns (Khan et

al., 2022). Accountability demands that those legally or politically responsible for harm must

justify or compensate for their actions (Vesnic-Alujevic et al., 2020), emphasizing the need

for both technical and social accountability throughout the AI system's development,

implementation, and operation (Khan et al., 2022). Accountability issues include unclear

responsibility for AI outcomes, lack of mechanisms to address unintended AI consequences,

and the prevalence of "no-fault" policies when AI causes harm (Mikalef et al., 2022).

The accountability principle is linked to other AI principles. For example, fairness as it

requires mechanisms to ensure responsibility for AI systems and their outcomes, both pre-

and post-development, deployment, and in operations (EU AI HLEG, 2019a). Transparency

because the system must be understood prior to making liability decisions (Khan et al.,

2022). Safety because ensuring AI applications meet safety thresholds through rigorous

testing is critical for accountability (Mikalef et al., 2022).

According to the EU AI HLEG (2019a), accountability involves auditability, minimization

and reporting of negative impact, trade-offs and redress. Auditability allows for the

assessment of algorithms and design processes, contributing to trust through internal and

external evaluations without necessarily revealing business models or intellectual property.

Minimizing and reporting negative impacts involves identifying, assessing, documenting, and

responding to potential harms, with protections for whistle-blowers and entities raising

legitimate concerns, and using proportionate impact assessments. Trade-offs should be

addressed methodically, with clear documentation, ensuring that AI systems do not proceed

without ethically acceptable solutions. Lastly, mechanisms for redress must be accessible to

address unjust adverse impacts, particularly for vulnerable groups, ensuring trust through the

availability of adequate redress options (EU AI HLEG, 2019a).

Zhu et al. (2022) suggest that incorporating product features and management processes that

ensure the provenance and traceability of AI artifacts and decisions can significantly enhance

the accountability of AI systems. According to Vesnic-Alujevic et al. (2020), implementing
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the right to explanation can also contribute to heightened responsibility and accountability.

Furthermore, de Laat (2021) argues that AI providers must be capable of providing a

comprehensive account of every step in the production process of their solutions. However,

while many companies superficially acknowledge it, only three out of the 24 firms surveyed

by de Laat (2021) have actually developed accountability tools specifically tailored for AI.

Mikalef et al. (2022) mentioned that the concept of accountability has been widely explored

in literature, especially in fields like healthcare and autonomous vehicles where outcomes are

highly significant. There is considerable debate regarding who should be held accountable,

considering factors such as intentions, motives, and reasoning behind AI actions (Mikalef et

al., 2022). Vesnic-Alujevic et al. (2020) argue that as autonomous systems proliferate and

decision-making is increasingly delegated to them, assigning responsibility and

accountability becomes increasingly challenging.

3.5.3. Transparency & Explainability

Transparency in AI involves the ability to clearly describe, examine, and replicate how AI

systems make decisions and adjust to their surroundings, including the origin and evolution

of the data they use (Dignum, 2019). This openness fosters trust by ensuring clarity in all

aspects related to the system, such as data sources, development processes, and stakeholder

involvement in decisions impacting humans or having significant ethical implications

(Dignum, 2019). The terms 'transparency', 'explainability', 'interpretability', and

'intelligibility' are frequently used interchangeably to describe what 'black-box' algorithms are

perceived to lack (Whittlestone et al., 2019).

Transparency and responsible disclosure are essential so that individuals are aware when an

AI system is significantly affecting them and can identify when they are interacting with an

AI system (Zhu et al., 2022). Transparency issues include a lack of formalized procedures for

explainable AI, inadequate communication of potential risks and limitations of AI systems,

and limited traceability of erroneous AI decisions (Mikalef et al., 2022). Dignum (2019)

provided a checklist for transparency with four major areas i.e. openness about data, openness

about design processes, openness about algorithms, and openness about actors and

stakeholders.

According to the EU AI HLEG (2019a), transparency involves traceability, explainability,

and communication in AI systems. Traceability involves documenting data sets, data
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processes, and algorithms to ensure decisions can be traced and errors identified.

Explainability requires that AI decisions and the processes behind them can be understood by

humans, with the trade-off between explainability and accuracy carefully managed.

Significant AI decisions impacting people’s lives must be explainable in a way suitable for

various stakeholders. AI systems must clearly identify themselves as non-human, allow for

human interaction options, and disclose their capabilities and limitations appropriately to

users (EU AI HLEG, 2019a).

Explainability refers to the capacity to clarify both the technical operations of an AI system

and the associated human decisions (Prem, 2023). Transparency involves revealing AI

artifacts like source code, data, algorithms, models, and documentation, which aids in

explainability but doesn't fully satisfy stakeholders who seek insights into AI behavior and

decision-making causes, posing challenges in earning their trust through detailed

explanations (Zhu et al., 2022).

According to Dignum (2019), opacity in Machine Learning, often referred to as 'black-box'

algorithms, poses a significant challenge to transparency in Artificial Intelligence. These

algorithms, designed to enhance functional performance, comprise numerous component

functions that, while individually simple (like statistical regression methods), collectively

create systems too complex to comprehensively analyze or verify (Dignum, 2019). Despite

their ability to optimize outputs for tasks such as image recognition or text classification, they

achieve this by adjusting outputs to inputs without revealing the underlying structure of the

function being approximated (Dignum, 2019). Explainability in deep learning algorithms is

challenging because they focus on enhancing performance and fine-tuning outputs to specific

inputs without revealing the underlying function's structure (Dignum, 2019).

While algorithmic transparency is often seen as universally important, there is little evidence

on what kinds of explanations are preferred by different people in different contexts

(Whittlestone et al., 2019). Benjamins et al. (2019) argue that the relevance and type of

explainability in AI systems vary by domain, with greater importance in areas like medical

diagnosis compared to movie recommendations. However, most domains still require some

level of explainability. The explanations should be tailored to the transparency requirements

and specific profiles of each domain, ideally incorporating domain-specific knowledge to

provide deeper insights beyond simple feature rankings in supervised machine learning

(Benjamins et al., 2019).

23



DCLead Master’s Thesis - Responsible AI Principles in Product Management Practices

3.5.4. Privacy and Data Protection

This principle emphasizes that AI systems must uphold privacy rights, ensure data protection,

and maintain data security throughout their entire life cycle (Zhu et al., 2022). This

fundamentally involves individuals' rights to manage and control their personal information

(Khan et al., 2022). Benjamins et al. (2019) also emphasize that privacy and security are

integral throughout the lifecycle of AI systems, which heavily rely on data. This ensures

utmost respect for individuals' privacy rights and their personal data, whether the data is

personal or anonymized/aggregated (Benjamins et al., 2019). These principles extend beyond

AI systems, as most organizations already implement processes to safeguard privacy and

security (Benjamins et al., 2019). Explainability in ML models helps assess privacy by

revealing how models interpret data, preventing privacy breaches from opaque internal

representations. However, excessive explainability may compromise differential privacy by

exposing sensitive data origins to unauthorized parties (Barredo Arrieta et al., 2020).

According to the EU AI HLEG (2019a), privacy and data governance include respect for

privacy, quality and integrity of data, and access to data. Firstly, it stresses that AI systems

must ensure privacy and data protection throughout their lifecycle, encompassing both

user-provided information and data generated about users during interactions. The potential

for AI systems to infer sensitive personal attributes highlights the need to prevent unlawful

discrimination through data collection. Secondly, the quality and integrity of data used in AI

training are pivotal, requiring mitigation of biases, inaccuracies, and malicious data that could

alter system behavior. Testing and documentation of data processes are essential across all

stages of development and deployment. Lastly, clear protocols for data access within

organizations are necessary, ensuring that only qualified personnel with legitimate reasons

can access individuals' data, thereby safeguarding privacy and data security.

Privacy is intricately tied to preventing harm, especially critical due to AI systems' impact.

Effective data governance is essential, ensuring data quality, integrity, relevance, access

protocols, and secure processing to safeguard privacy (EU AI HLEG, 2019a). Khan et al.

(2022) mention that regulatory bodies are tasked with creating laws for data privacy,

particularly challenging in AI environments where systems handle user data through

processes like cleaning and interpretation. Self-governing AI systems raise concerns about

data access, privacy, security, and transparency, highlighting complex challenges that

necessitate further research (Khan et al., 2022).
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3.5.5. Robustness and Safety

Robustness and Safety principles emphasize that AI systems should be designed with a

proactive strategy to address risks, ensuring they function as expected while reducing the

likelihood of accidental or unforeseen damage (Mikalef et al., 2022). According to Dignum

(2019), safety involves ensuring that the system performs its intended functions without

causing harm to users, resources, or the environment and that its purpose aligns with human

rights and values. Robustness and safety issues include AI decisions placing human life at

risk (e.g., autonomous vehicle dilemmas), data poisoning or model leakage, malicious use of

AI (e.g., targeted disinformation campaigns, non-state weaponized consumer drones, AI

terrorism), irreproducible outcomes/decisions (Mikalef et al., 2022).

According to the EU AI HLEG (2019a) technical robustness includes resilience to attacks,

fallback plans, accuracy, reliability, and reproducibility. AI systems must be safeguarded

against vulnerabilities and adversarial attacks to prevent data poisoning, model leakage, or

infrastructure damage, and should be designed to mitigate dual-use and abuse by malicious

actors. Safety mechanisms, including fallback plans and human intervention, are essential to

ensure systems operate correctly without causing harm, and risks must be assessed and

managed proactively. Accurate AI systems require meticulous development and evaluation

processes, especially in critical applications affecting human lives. Lastly, reliability and

reproducibility are vital for ensuring consistent performance across various conditions and for

enabling thorough scrutiny and validation of AI systems' behaviors (EU AI HLEG, 2019a).

Mikalef et al. (2022) emphasize the significance of creating robust and safe AI applications to

address both intentional and unintentional issues. As AI becomes more widespread, it is

crucial to understand how these concerns translate into functional requirements from domain

experts to algorithms (Mikalef et al., 2022). Unintended consequences of AI systems can

include programming errors, biased results, privacy breaches, and incorrect decisions

(Dignum, 2019). To mitigate these risks, a structured, open, and value-centered design

process is essential, along with formal mechanisms for measuring adaptability and robust

fallback plans, such as switching to rule-based procedures or involving human operators.

Intended malicious uses of AI, from email spam to cyber warfare, pose significant threats;

addressing these requires a combination of regulation, responsibility, and developing AI

techniques to assess and deflect malicious objectives (Dignum, 2019).
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3.6. Challenges of Responsible AI

The literature identifies a range of challenges related to responsible AI, spanning technical,

organizational, policy, and social dimensions. Khan et al. (2022) conducted a systematic

literature review identifying the primary challenges in the areas of knowledge and expertise,

organizational management, and available tools and technologies. The most frequently

mentioned problem is insufficient ethical knowledge, with vague principles being the next

most common issue. Other challenges include highly general principles, conflict in practice,

interpreting principles differently, and lack of technical understanding. Addressing these

challenges requires ongoing ethical education and adherence to relevant policies and

regulations (Khan et al., 2022).

In a survey conducted by Morley et al. (2023), it was revealed that there is a lack of clarity

over roles and responsibilities, a disconnect between availability and demand for pro‑ethical

design resources, and the challenge of justifying the costs of pro‑ethical design without clear

immediate returns. Schiff et al. (2020) identified five challenges in translating AI principles

into effective practices including the complex and unpredictable nature of AI’s social and

ethical impacts, unclear accountability for ethical outcomes, conflicting disciplinary focuses,

difficulty accessing and applying responsible AI methodologies, and organizational silos that

impede effective interdisciplinary collaboration.

In a multivocal literature review Lu, Zhu, Xu, Whittle, et al. (2022) highlighted that the lack

of explainability can erode trust and is recognized as one of the most pressing issues in

responsible AI that needs to be addressed. Another challenge is that varying and slowly

enacted AI regulations across jurisdictions create interoperability issues for organizations.

Also, the challenge of insufficient training data for AI systems persists due to escalating

concerns about data privacy (Lu, Zhu, Xu, Whittle, et al., 2022).

Deshpande & Sharp (2022) identified challenges in building responsible AI systems

including the difficulty in considering the broader impact on all stakeholders beyond

immediate users, a lack of clarity and consistency in ethical AI guidelines, and the varying

legal and regulatory obligations across different jurisdictions. Additionally, conflicting

priorities at individual, organizational, and national levels complicate the integration of

ethical considerations into AI system development and maintenance (Deshpande & Sharp,

2022).
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3.7. Product Management (PM)

The term “Product Management” is used for hardware products as well but for the purpose of

this research it will be used interchangeably with “Software Product Management or SPM”.

There is no universally accepted definition of product management, but it is generally agreed

that SPM merges technical and business perspectives in software product development

Maglyas et al. (2017). Ebert & Brinkkemper (2014) define product management as “the

discipline and business process which governs a product from its inception to the market or

customer delivery and service in order to generate biggest possible value to the business”.

The goal of SPM is to extend the lifespan of products as much as possible while keeping

expenses low, maximizing profits, and maintaining market leadership (Springer & Miler,

2022).

According to Maglyas et al. (2017), software product management (SPM) is a

multidisciplinary field that includes product and release planning, strategy, and development,

supporting a product from inception to maintenance. It emphasizes the product's value to

customers, aligning it with value-based software engineering. SPM is a complex

socio-technical phenomenon, involving both social interactions within an organization and

technical activities like development, architecture, and testing (Maglyas et al., 2017).

According to Springer & Miler (2022), SPM involves processes for defining, launching,

developing, growing, maintaining, and retiring a software product. It is interconnected with

strategy development, requirements engineering, project management, agile development,

product marketing, and business analysis. Unlike project management, it prioritizes

customers, sales, user feedback, and ongoing product growth (Springer & Miler, 2022). In a

broader scope, SPM is defined as business management at the product, product line, or

product portfolio level within a software organization (Maglyas & Fricker, 2014). It serves as

a framework for strategizing, conceptualizing, developing, launching, managing, and

marketing new products to the market (Maglyas & Fricker, 2014). Hyrynsalmi et al. (2021)

highlight that the relationship between Software Product Management and general product

management has been debated since SPM's emergence. Initially linked to Software

Configuration Management and borrowing theories from mature fields like product

management, requirements engineering, and marketing, recent work shows a decreased

emphasis on direct connections to general product management (Hyrynsalmi et al., 2021).
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4. Conceptual Framework

To analyze and discuss the research findings, two frameworks have been selected. The first is

the Responsible Innovation (RI) Framework, which outlines key dimensions for conducting

innovation responsibly: anticipation, reflexivity, inclusion, and responsiveness. It ensures that

innovation processes are aligned with societal needs and ethical considerations. The second is

the ISPMA SPM Framework, which offers an overview of software product management

practices, including strategic management, product strategy, and product planning. It is

designed to help organizations effectively manage the lifecycle of software products from

conception to delivery, ensuring alignment with business goals and market demands.

4.1. Responsible Innovation - AREA Framework

The concept of “Responsible Innovation (RI)” or the broader concept of “Responsible

Research and Innovation (RRI)” is defined in various ways across policy and academic

discourses (Herrmann, 2023). Stilgoe et al. (2013) define responsible innovation as “taking

care of the future through collective stewardship of science and innovation in the present”.

Von Schomberg (2012) proposed a working definition for RRI i.e. “a transparent, interactive

process by which societal actors and innovators become mutually responsive to each other

with a view on the (ethical) acceptability, sustainability and societal desirability of the

innovation process and its marketable products (in order to allow a proper embedding of

scientific and technological advances in our society)”.

For the operationalization of responsible innovation, one prominent framework is proposed

by Owen et al. (2013) that includes four dimensions of responsible innovation i.e.

Anticipatory, Reflective, Deliberative and Responsive. These dimensions are adopted by

Engineering and Physical Sciences Research Council (EPSRC) who preferred using the terms

Anticipate, Reflect, Engage, and Act (AREA), but these terms align with the substance and

meaning of the dimensions as defined by Owen et al. (2013). For this research, EPSRC’s

terms are used because of their mnemonic advantage.

The four dimensions of RI are described by Owen et al. (2013) as follows:

1. Anticipate (Anticipatory): Analyzing both intended and unintended

impacts—economic, social, environmental, etc.—using techniques like foresight,
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technology assessment, and scenario development. These methods help generate

expectations and explore alternative outcomes by prompting questions like “what

if...” and “what else might it do?” While not aimed at precise predictions, they

provide a valuable space for identifying and discussing potential issues and impacts of

innovations, fostering reflection on their purposes and promises.

2. Reflect (Reflective): Examining the fundamental purposes, motivations, and possible

effects involves considering what is understood such as existing regulations, ethical

reviews, or other governance mechanisms as well as what remains unknown,

including associated uncertainties, risks, gaps in knowledge, assumptions, questions,

and dilemmas.

3. Engage (Deliberative/Inclusion): Opening up visions, purposes, questions, and

dilemmas to extensive, collective discussion through dialogue and engagement with

diverse stakeholders allows for a wide range of perspectives to reshape issues and

identify potential conflicts. The aim of such deliberation is both normative, promoting

democracy, equity, and justice, and substantive, ensuring that decisions about

innovation reflect and incorporate diverse social knowledge, values, and meanings.

4. Act (Responsive): Employing this collective process of reflection to guide and shape

the direction, pace, and trajectory of innovation through effective participatory and

anticipatory governance mechanisms. This should be an iterative, inclusive, and

adaptable process with dynamic learning capabilities.

According to Owen et al. (2013), these combined dimensions aim to achieve two main goals:

first, to build "reflexive capital" by iteratively and inclusively examining the purposes,

processes, and outcomes of innovation; second, to use this reflexive capital to guide decisions

on innovation goals and adjust its trajectory in response to uncertainty and change.

Dreyer et al. (2017) highlighted that RRI lacks clear consensus or connection to established

disciplines like technology assessment and business ethics. It has also overlooked related

advancements in areas like CSV and CSR discussions, sustainable finance, and ethical

leadership. The business community views responsible innovation as reductionist and

disconnected from current business practices in innovation and product development

management, market analysis, and compliance (Dreyer et al., 2017). To address this gap, the

ISPMA SPM framework has been chosen in addition to the RI AREA framework.
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4.2. ISPMA SPM Framework

The ISPMA (International Software Product Management Association) SPM (Software

Product Management) Framework is a comprehensive model designed to guide organizations

in the effective management of software products throughout their lifecycle (Kittlaus, 2022).

This framework encompasses various critical aspects of software product management,

offering a structured approach to ensure alignment with strategic objectives, market needs,

and operational efficiency (Kittlaus, 2022). The ISPMA SPM framework is divided into

several main sections, each focusing on distinct areas of product management. These sections

include Strategic Management, Product Strategy, Product Planning, Development, Marketing,

Sales & Fulfillment, and Delivery Services & Support. Based on the level of involvement of

product managers, these sections are categorized into three groups: participation, core, and

orchestration. Each group encompasses various practices, outlining the specific

responsibilities and focus areas within different aspects of product management.

Figure 1

ISPMA SPM Framework V.2.0

Note. From The International Software Product Management Association, by

ISPMA, 2024, https://ispma.org/bok/
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According to Kittlaus (2022), Participation includes practices where product managers

represent their products at the corporate level. Orchestration includes practices that are

managed by respective functions within the company, but orchestrated by the product

manager to ensure alignment with the product strategy and plan. Core includes practices that

product managers are usually directly responsible especially those related to "Product

Strategy" and "Product Planning". For this research, core practices will be focused which are

defined by Kittlaus (2022) as follows:

1. Market Analysis: Analysing current and future aspects of a market, including market

structure, competitors, market shares, and customer preferences and behavior.

2. Product Analysis: Analysing current and future aspects of a business, including KPIs

like revenue, revenue distribution, footprints, and market shares.

3. Positioning & Product Definition: Positioning defines how to communicate a

product to customers, while product definition clarifies its purpose, scope, and

evolving focus, including use, functionality, quality, design, compatibility,

customization, and delivery.

4. Delivery Model & Service Strategy: The delivery model outlines how a product is

made available, such as through licensing or SaaS, while the service strategy defines

the services included and their providers.

5. Ecosystem Management: Coordinating and enhancing cooperation among

stakeholders within a software ecosystem to boost business success, with

responsibilities varying by company size and role.

6. Sourcing: Ensuring all required resources are available when they are needed.

7. Pricing: Set, communicate, and negotiate prices in a convincing way.

8. Financial Management: Planning, tracking, and influencing financial aspects.

9. Legal & IPR Management: Take care of all legal product aspects

10. Performance & Risk Management: Using KPIs to continuously monitor and

improve product performance and identify and manage risks throughout the product

lifecycle.

11. Customer Insight: Knowing and understanding of the problems and the environment

in which customers operate.

12. Product Life Cycle Management: The management of the business and technical

aspects of a software product with regard to its position in its life cycle.
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13. Roadmapping: A flexible strategic tool for planning the long-term evolution of a

software product, outlining intended deliverables and goals over time.

14. Release Planning: The process of selecting the requirements for the next release.

15. Product Requirements Engineering: A systematic approach to eliciting,

documenting, analyzing, and managing requirements, while addressing market,

technical, and economic goals.

While these practices are relevant to AI products as well, the ISPMA SPM framework lacks

specific guidance on managing AI products except for a brief discussion under the

“Data-Input-Driven Approach” section. Similarly, ethical issues related to AI are touched

upon in the “Compliance Management” section, but it does not explore responsible AI

principles, frameworks, or their relevance to AI product management. For an AI product

manager, the ISPMA SPM framework alone may not adequately address the ethical

challenges associated with AI, particularly in implementing responsible AI practices. For this,

the RI AREA framework has been selected to complement the ISPMA SPM framework.

4.3. Integrating the Two Frameworks

This conceptual framework provides a structured and comprehensive approach to analyzing

responsible AI principles in product management practices, ensuring that the research

findings are grounded in both ethical considerations and practical management strategies.

The four dimensions of the RI AREA framework are used as the overarching structure where

under each dimension relevant findings from the interviews will be discussed. The ISPMA

framework will be used as a reference to relate those findings with various practices within

product management. This will also help identify relevant practices from the ISPMA SPM

framework and how they are related to specific dimensions of the RI AREA framework in the

context of responsible AI integration and challenges that an AI product manager faces.

By integrating the RI AREA framework’s ethical and societal focus with the ISPMA SPM

framework’s practical product management guidance, the findings will be analyzed to address

how responsible AI principles are embedded in product management practices. This

integrative approach ensures that AI products are not only technically and commercially

viable but also ethically sound and socially responsible.
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5. Methodology

This chapter details the research methodology and research methods employed in this study

including literature review, pilot study, data collection, interview guide, sampling, data

analysis, ethical considerations, and validation of research findings. By outlining the

comprehensive process involved in this research, this chapter aims to provide a clear

framework for researchers to replicate the study or leverage its methodology for future

investigations.

5.1. Research Design

This study is grounded in inductive reasoning, pragmatic paradigm, and qualitative research

approach with semi-structured interviews as the primary data collection method.

Inductive reasoning is suitable for this study because of the explorative nature of this study.

Inductive reasoning involves open-minded data collection to form theories and draw

generalizable conclusions from the gathered data. It involves an iterative process of moving

back and forth between data collection and theoretical reflection (Clark et al., 2021).

Pragmatic paradigm is appropriate for this study as it emphasizes action, practical

outcomes, and solutions to problems over antecedent conditions. It focuses on the research

problem and utilizes diverse approaches to understand it, with methodological freedom. This

will help address research objectives i.e. to examine approaches for integration of responsible

AI in product management and to identify the practical challenges of it (Creswell, 2018).

Qualitative research approach is selected as it seeks deep insights by engaging people,

communities, or organizations and interprets the social world through participant perspectives

(Clark et al., 2021). Considering the explorative nature of this study, the qualitative approach

is suitable for gathering insights and analyzing using an appropriate theoretical framework.

Semi-structured interviews (SSIs) were chosen as the data collection method because they

offer a balance between the structured nature of close-ended surveys and the flexibility of

open-ended sessions (W. C. Adams, 2015). SSIs are particularly suitable for gathering the

independent thoughts of the interviewees (Clark et al., 2021). Given that this research topic is

relatively uncharted, semi-structured interviews enable an exploratory conversation, allowing

for the identification of useful leads for further discussion and analysis.
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5.2. Literature Review

A semi-systematic literature review was conducted to identify and explore already existing

literature on the subject. The following steps were taken to conduct this review:

1. Reference Searching: Keywords such as “Responsible AI”, “Responsible AI

principles”, “Responsible AI frameworks”, “Ethical Issues of AI”, “Responsible

Innovation”, “Product Management”, “Product Management Practices”, “Product

Management Frameworks”, “AI Products”, “Artificial Intelligence”, “AI”, and

“Definition of AI” were used in various combinations to identify relevant studies.

2. Reference Management: References were shortlisted based on relevance, number of

citations, and publication date.

3. Reading and Notes Taking: A three-pass approach (Keshav, 2007) was employed for

further shortlisting and noting key points.

4. Notes Organization: Notes were organized under different themes both deductively

and inductively.

5. Paraphrasing and Summarizing: Lengthy quotations were paraphrased and

summarized to condense information.

6. Synthesizing and Writing: The final draft was prepared with appropriate headings

and subheadings.

Step Tool

Reference Searching Google Scholar, Elicit, Litmap, Google Search

Reference Management
Reading and Notes Taking

Zotero

Notes Organization Microsoft Excel

Paraphrasing and Summarizing ChatGPT

Synthesizing and Writing Microsoft Word

Table 1: Tools Used for Literature Review

Note that Google Scholar, Elicit, and Litmap were used to search for scholarly literature.

However, other material such as news reports, industry reports, policy guidelines, websites,

and blog posts were also used for the review. Google search was used to find such material.
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5.3. Data Collection

The primary objective of data collection was to gain insights from experienced professionals

in the field and to understand their diverse perspectives. For this, data were collected through

semi-structured interviews (SSIs) with industry practitioners, researchers, and policymakers

working in product management and responsible AI spaces. Interviews were conducted

online with the selected participants, lasting 20-54 minutes with an average of 30 minutes per

interview. Microsoft Teams was used as the main tool for conducting these interviews. This

platform facilitated audio and video recording, as well as the auto-generation of transcripts,

ensuring an accurate and efficient data collection process. An interview guide was developed

to ensure consistency across interviews. All interviews were recorded with participants'

consent and transcribed verbatim for analysis.

5.3.1. Sampling

Purposive sampling was employed to select participants for this study, dividing them into two

major groups: Product Managers working on AI products, and Consultants, Researchers, and

Policymakers working in the responsible AI space (see Appendix A). This approach ensured

that participants possessed sufficient and relevant experience to provide valuable insights on

the subject (Martinson & O’Brien, 2015). A total of 20 participants were interviewed,

comprising 12 AI Product Managers, 4 Responsible AI Researchers/Policymakers, and 4

Responsible AI Consultants from 10 countries, including the US, UK, Denmark, Germany,

India, and China, and were affiliated with 20 organizations including unicorns, top-tier

consulting firms, Ivy League university, as well as small to medium-sized enterprises.

LinkedIn was the primary source for identifying potential participants. Connection requests

were sent to 145 individuals, of which 81 were accepted. Out of these, 74 were contacted for

interviews, and 27 agreed to participate. Finally, 20 individuals were interviewed. 14 people

declined due to various reasons, including company policy, workload, medical leave,

paternity leave, and other personal reasons. Those unable to participate were asked to refer

someone else who might be relevant and interested, which helped secure a few additional

interviewees.

To identify potential participants, LinkedIn searches were conducted using keywords such as

“AI Product Managers” and “Responsible AI.” Another effective strategy for connecting with

researchers and practitioners in the responsible AI field was sharing a summary of a YouTube
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lecture by a renowned professor in the field as a LinkedIn post. This post was reposted by the

professor and 19 other individuals and organizations, resulting in over 9,500 impressions

which include some of the interviewees.

5.3.2. Pilot Study

Considering the early and evolving nature of the research problem, this research study adopts

an exploratory approach. To facilitate this process, a pilot study was conducted to benefit the

initial phase and provide preliminary guidance. Clark et al. (2021) emphasize that pilot

interviews are instrumental for testing interview flow, refining questions, and gaining

experience to identify and address any preparatory issues. For the pilot study, a product

management consultant, who is also a fellow at a product management association, was

chosen through purposive sampling. A semi-structured interview was conducted with this

participant via online meeting, allowing for an open exploration of the topics related to

product management and responsible AI. The insights gained from the pilot study informed

the subsequent research steps and shaped the direction of the study.

5.3.3. Interview Guide

Two interview guides were developed (see Appendix A) for conducting semi-structured

interviews: one for AI product managers and one for RAI consultants, researchers, and

policymakers. While both guides covered similar topics, they differed in focus. The first

guide emphasized AI product management and the integration of responsible AI at the

product level, whereas the second guide concentrated on responsible AI frameworks and their

integration at the organizational level. These interview guides were developed based on the

research questions, literature review, and pilot study. These interview guides help structure

the conversation while allowing for flexibility to pursue emerging themes. The guide includes

both overarching questions and probes to dive deeper into specific aspects of the participants'

experiences (Clark et al., 2021).

5.4. Data Analysis

A thematic analysis was conducted to systematically analyze the interview data. This process

follows six stages as proposed by Braun & Clarke (2006). However, some stages were

adapted for instance themes were deductively identified instead of inductive identification.
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1. Familiarization: Interview recordings were auto-transcribed verbatim, and converted

into semi-verbatim using ChatGPT as well as manually, and initial ideas were noted.

2. Initial coding: Key phrases and sentences were coded and highlighted for quotations.

3. Identifying themes: Themes were identified based on the sections in interview guide.

4. Reviewing themes: Themes were reviewed to ensure alignment with coded data.

5. Defining themes: Themes were refined and renamed for consistency and coherence.

6. Producing the report: The final draft for the findings chapter was prepared.

Tool Used For

MS Teams Auto-Generating Transcripts

ChatGPT + Manual Cleaning Transcripts

Microsoft Word Coding, Highlighting, Writing and Editing

Microsoft Excel Organizing Quotations under Themes

Table 2: Tools Used for Thematic Analysis

5.5. Ethical Consideration

Consent was obtained from all interview participants, ensuring they understood the purpose

of the study and the measures in place to protect their confidentiality. Some of the

interviewees were not concerned about their confidentiality while other interviewees

explicitly asked not to disclose their identity. In either case, any identifying information was

removed from the transcripts to maintain the anonymity of all the participants. However,

interviewees were informed that their prior consent would be taken in case their identity is

disclosed as part of a dissemination strategy to share the findings of this research via

LinkedIn posts, video clips, articles, presentations, or any other appropriate channel.

5.6. Validation

Validation of the findings of this research was important to establish the credibility of the

research. For this purpose, a summary of key research findings (see Appendix B) was sent to

all the participants via email with a request to review and share their feedback. Some of the

interviewees responded with their feedback and comments which can be found under the

Feedback and Validation section in the Findings chapter of this report.
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6. Findings

6.1. Pilot Study

In a pilot study, the interviewee emphasized the role of a product manager in upholding both

strategic guidelines and ethical standards. It was noted that while compliance management is

determined at the executive level, its implementation falls to product managers, who must

address conflicts between ethical guidelines and business interests.

“which guidelines the company wants to follow in these areas [regulatory

compliance, sustainability and ethics], are made on the level of the executive

management. But once the decisions are made, the product managers need to make

sure that these decisions are followed and implemented on the product side.” -

Interviewee #1

The pilot study also highlighted product management practices relevant to ethics and

compliance, including product strategy and planning, delivery models, service strategies,

product lifecycle management, customer insight, and road mapping.

In addition to the established practices, the study identified two key areas requiring further

empirical research to enhance the body of knowledge on product management: the

management of AI products and the use of AI tools in product management.

“What are the special tasks of the product manager when he manages an AI-based

product. In that area we need more input regarding best practices. The other area is

the question of how can product managers make use of AI-based tools to improve the

productivity and quality of their work.” - Interviewee #1

“those are the two areas, related to AI that are most relevant where we need to extend

our body of knowledge over time. Based on the current situation that there is no real

best practice yet in these areas, we could only add elements to our body of knowledge

so far on a more abstract level that's what we have done.” - Interviewee #1

Given this research gap and the relevance of these topics to the research problem of this

study, both of these topics have been covered during the interviews with other participants,

particularly AI product managers.

38



DCLead Master’s Thesis - Responsible AI Principles in Product Management Practices

6.2. Product Management Practices for AI Products

The core practices of product management remain the same whether dealing with AI products

or traditional software products. However, there are some additional pracitces that are

performed by the product managers in the case of AI products.

“The key principles remain the same. I feel it doesn't really change as much if it's an

AI product or simple automation or some other thing.” - Interviewee #6

“There are certain things that are added probably when you are working with an AI

heavy product. The outline still remains the same.” - Interviewee #4

A typical AI product management life cycle includes practices such as product discovery,

product visions, road mapping, pricing, and release planning.

“The typical life cycle that we follow for AI product is we do discovery [prove the

value of use case], then alpha [initial experiments], beta [scale experiments to larger

users, tech ecosystem] and then we go live i.e. productionization..” - Interviewee #4

“Making product visions, making sure it aligns with the company vision, product road

mapping, and product planning. I do all of that.” - Interviewee #7

When asked about practices within the ISPMA SPM framework, most of the interviewees

said all of them are relevant for AI products in some sense. However, some practices become

more important. These include Market and Product Analysis to understand the needs for

different ethical values and different responsible practices, Positioning and Product

Definition as it has ethical implications, Delivery Model & Service Strategy which is often

overlooked, Ecosystem Management and Sourcing since a variety of toolkits, frameworks,

data are used in AI model building and training, Legal and IPR Management and

Performance and Risk Management because responsible AI is rooted in risk analysis,

management and mitigation, Product Life Cycle Management because ML/AI Ops is less

mature and require scrutiny.

Nevertheless, the first step for building an AI product is to evaluate whether AI is the most

appropriate solution for the problem at hand or not, as it may not always be the best fit.

39



DCLead Master’s Thesis - Responsible AI Principles in Product Management Practices

“One of the key questions is also always, is AI the right solution for the problem?

Because you could decide to use AI every single time if you wanted to, but it's not

always the right solution to the problem.” – Interviewee #5

Therefore, it is important to focus on the user's problem rather than technology. Also, it can

start with building with traditional logical structure before employing AI model in a product.

“We always start with the problem and then the users rather than have a technology

in mind and trying to think about potential use cases.” - Interviewee #9

“the MVP [Minimum Viable Product] looks entirely different for AI. You want to see

can I use that for data collection potentially so that I can actually in the future build

something more sophisticated [using AI]?” - Interviewee #5

One major difference that AI product managers have to deal with is that traditional software

products are deterministic i.e. there is a degree of certainty in their outputs. In contrast, AI

products are probabilistic i.e. their outputs cannot be predicted with 100% certainty. It

requires additional safety nets and experiments as compared to traditional software products.

“a lack of predictability, that's why you need additional safety nets and safeguards

around product to make sure it is properly implemented.” – Interviewee #14

“to increase the quality and the consistency of the responses, one needs to conduct a

lot more experiments. Constantly conducting experiments is a big difference

compared to traditional software development.” – Interviewee #14

Also in the case of AI products, product managers have to spend a significant amount of time

on research than on traditional development-related tasks.

“Things becomes a bit more complicated because you also have the whole feasibility

factor and a lot of more unknown. You are in research space more than you are in a

classical development space.” – Interviewee #5

On the product development side, product managers have to deal with AI-specific coding

such as consuming of foundation model APIs, building AI models, and data processing. This

makes the management of AI products more technical than a typical software product.

40



DCLead Master’s Thesis - Responsible AI Principles in Product Management Practices

“You have to deal with APIs on the back end and also a whole bunch of AI specific

coding which requires processes such as data sourcing, collection and then making

the model and/or finding existing models.” - Interviewee #7

“When it comes to product development it is much more technical and if you're not

really good at it, good luck because you will not be able to optimize the product

because you don't really understand the technicalities.” - Interviewee #7

On the people side, it is important to factor in the readiness and openness of the people to

adopt AI systems. Customers are more concerned about their data in the case of AI products

which requires product managers to communicate and educate customers about the product.

“Your customer base is gonna have questions. You need to understand what the

solution is doing so that you can answer those questions.” - Interviewee #3

“The most important capability is communication. You will be interacting with

customers that have no idea about what data science and machine learning is. You

also have to be able to communicate with your team.” - Interviewee #5

“No one likes headcount reduction so are people open to share what they currently do

or are they first educated enough to maybe adopt to start using a AI system. That

angle also needs to be explored. - Interviewee #4

Last but not least, because of potential ethical issues of AI products, product manager have to

navigate various regulatory requirements and make sure that the product team is following

necessary procedures where needed.

“Other differences would be the legal implications of AI, since unfortunately, AI is not

particularly well. There's not a lot of regulation around AI today, and the lack of

regulation creates ambiguity around its use.” - Interviewee #14

“Generally a product manager would get all the business requirements and then feed

that into the technical team. But in AI side of it, responsible component, ethical

considerations and regulatory requirements come into play. - Interviewee #10

“You need to take into consideration, the upcoming EU AI act, then GDPR

regulations, then industry specific data protection requirements.” - Interviwee #15
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6.3. Practices for Integrating Responsible AI
The integration of responsible AI varies widely in maturity and approach across

organizations. These strategies often span the entire organization rather than focusing solely

on product management. However, product management remains a key component of it.

In most organizations, some dedicated people and teams are responsible for navigating

regulations and implementing standard operating procedures.

“We have a Governing Council [a strategic initiative with representations from

product management, tech, infrastructure team, architecture team, legal, etc.] who

has laid out a standard operating procedure, and based on that we have tweaked our

model development lifecycle with checkpoints for responsible AI.” – Interviewee #4

“the companies that have responsible AI teams do tend to be further ahead of their

maturity. Because those responsible AI teams are responsible for being able to get

some of that standard practice in place.” - Interviewee #19

AI model releases are guided from the start by structured templates, comprehensive

documentation, and extensive testing to ensure adherence to best practices and safeguards.

“From the very beginning, we have templates, like a structured process that governs

all AI large language model based releases. There's a lot of documentation that goes

behind it to make sure that you're documenting your practices, safeguards, design

principles. Then there's a lot of testing that goes behind it as well.” – Interviewee #14

Some organizations integrate validation and risk assessments throughout the AI development

lifecycle, addressing high-risk applications with specific risk management strategies while

incorporating ethical considerations from data collection through to deployment.

“We do validation and risk assessment multiple times during the model development

lifecycle. If it is low then we continue development and it will eventually go to

production. But if it's high risk application which impacts regulated process then we

need to find out the ways of managing and mitigating the risks.” - Interviewee #4

One of the interviewees shared that they inform customers about the use of their data for

transparency purposes. However, it is difficult to balance intellectual property rights with the

level of transparency and explainability in a competitive market with similar products.
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“We disclose how we use their [customer] data and that we do generate a derivative

products based on that data. Users want a lot of insights and explainability into how

the model works and how the model is built. But we also in a very competitive space

where a lot of people are trying to build similar models.” - Interviewee #5

One of the approaches for integrating responsible AI is incorporating a human in the loop to

validate and make corrections to the predictions made by the AI system, particularly in

high-stakes domains like finance, which helps build trust and ensures accuracy.

“we had a human in the loop, there was a person who was responsible for validating

result or editing in case it was wrong and we used that kind of feedback to train the

system back. Human in the loop helped build trust.” – Interviewee #6

Integrating RAI is a collaborative effort where all the team members raise concerns.

However, most of the concerns are raised by engineers who sometimes refuse to proceed. It

helps draw the attention of the product manager to brainstorm for possible solutions.

“some engineers are like we are not gonna go ahead with doing this because this is

wrong. That's when you're like, OK, let's actually focus on this problem that you just

flagged and let's get to the bottom of this.” - Interviewee #7

“They need to have that responsible AI culture. Product managers have to make sure

that they lead the entire team focusing on whether they have taken into all these

responsible AI practices.” - Interviewee #10

Since it is a rapidly evolving field, product managers tend to learn from other people in the

industry. However, it is not always helpful which leads them to continuously reference the

latest academic work and expert insights to guide their approach.

“a lot of people don't have a lot of experience in dealing with it. So we can't always

find a reference point in the industry. We have to look up research papers and see if

there was any kind of publications in this area and who is the expert in this area and

try to read their work pipeline. What kind of thing they suggested.” - Interviewee #7

For the integration of responsible AI principles, some product managers adopt both

open-source toolkits and specialized software solutions, with a focus on testing these

frameworks in controlled environments before broader deployment.
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“We are lately giving much importance to responsible AI processes and principles

and toolkits that help you. There are some of the open source toolkit that will clearly

help you to identify the decision making up that AI model.” - Interviewee #11

“there's some software solutions like Credo AI and Fiddler AI and Mission Control

that are built to scale tested frameworks..” - Interviewee #19

However, integrating AI vendor products requires careful consideration of ethical factors,

including the source of the technology, intellectual property rights, and financial

arrangements, to ensure responsible adoption and integration.

“Where you are sourcing from? What are the ethical considerations you have applied

in order to bring that? Is it your IP [Intellectual Property] or their IP? Is there a

certain percentage that they get? All those discussions come into play when you're

adopting somebody's code or somebody's work in your product.” - Interviewee #10

One of the interviewees highlighted the importance of meticulous data management in model

production, emphasizing the need for careful handling of training data to ensure quality and

privacy. They stress the significance of preprocessing and post-processing steps to prevent

issues like data contamination and leakage of sensitive information while maintaining

rigorous standards for data sanitization and privacy throughout the model’s lifecycle.

Some interviewees mentioned that their organizations are not integrating responsible AI

principles into product management.

“My last two company actually did not employ responsible AI principle, and many of

the companies do not. Once you are MVP where your product is working. That's the

time it takes a focus but most of the time pushed at the backbench.” - Interviewee #6

“In product management, not yet. Because, we're still in the process of creating the

guidelines on how to responsibly and ethically use AI tools.” - Interviewee #9
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6.4. Frameworks of Responsible AI

The EU AI Act is seen as more stringent and comprehensive compared to frameworks from

companies like Microsoft and Google, which are viewed as less impactful and motivated by

self-preservation; larger institutional frameworks are considered more stable and authoritative

than individual company proposals.

“The demands of the EU AI Act is much harder than the Microsoft and also Google’s.

It is very low compared to EU AI Act. OECD is much better and the EU AI Act has

looked into OECD and covering some of the same areas.” - Interviewee #2

“Anything that is not governmental is just a source of inspiration. But what's really

important is the regulator. It's good that we have AI act coming up.” - Interviwee #15

“bigger institutional frameworks that capture some degree of consensus are probably

more likely to be stable than small one off proposals that come out from the people in

AI research team at Google [for example]” – Interviewee #13

Organizations are increasingly focusing on developing customized frameworks grounded in

their own principles and specific use cases, integrating regulatory standards like the EU AI

Act and OECD guidelines to create comprehensive and practical solutions that align with

their core values and address conflicting regulations.

“Instead of picking straight out of someone's playbook, why don't we go to the source

and build from the ground up ourselves like understand all those principles are and

how specifically do those apply in our own specific use cases?” - Interviewee #9

“We follow these principles [RAI principles] as well, but all of these have to tie up

with our core values and core principles. And from there on bit draw how these

principles will be brought into practice.” - Interviewee #4

“We developed a lot of tools and methods which we put together to our own

framework. It's running quite successful. We are aligned with OECD. But for

example, we [organization] have our own principles as well, which are a little bit

broader than most of the principles which companies have.” - Interviewee #12

“those [EU AI Act, OECD] get integrated into the our framework, to make sure that

our framework is as close to a superset of all the regulation as possible. Obviously, to
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be a true superset with all of the competing different frameworks, it's nearly

impossible just because sometimes it's conflicting regulation.” - Interviewee #14

Organizations emphasize aligning with specific regulations like the EU AI Act, focusing on

practical harm at the use-case level and integrating frameworks such as NIST for actionable

guidelines, rather than solely relying on abstract principles.

“We personally aligned using the EU AI act, because we thought of harm at the use

case level, in the operationalization or in the use of the system on the ground and the

impact on end users. Not principles [like] OECD.” - Interviewee #16

“Principles are not enough. Frameworks should get into development processes.

Something like the NIST risk management framework, you don't even necessarily need

to elaborate the principles to begin implementing” – Interviewee #20

“The framework that we use tends to be implementation agnostic. It gives a set of

requirements and guidelines. It's up to the engineer to decide how they meet those

requirements. It turns out that, organizationally, we've found a set of tools, services,

libraries that we tend to trust. We use those by default.” - Interviewee #14

Existing frameworks often lack specificity and integration into product management

workflows, requiring adaptation to fit roles and responsibilities; a comprehensive,

product-life-cycle-spanning framework is needed for effective application across various

aspects like risk, legal, financial, and sourcing.

“A lot of the frameworks does not really fall easily in the workflow because the

frameworks are so loose, it's so hard to use them.” – Interviewee #7

“A lot of them are really not on product management. They're more like a social

technical approach to how do we build solutions in a very generic way. You just have

to retrofit it to you own roles and responsibilities.” - Interviewee #9

“I would say there's good frameworks built for a couple of these core cells, but if I

were to say here's a RAI framework for product strategy, I don't think there's a

comprehensive one that exists.” - Interviewee #19
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Selecting an appropriate framework depends on the specific context of a business, including

its size and industry, with a preference for globally recognized frameworks; companies

should choose and justify their framework based on their unique needs.

“I would say choose your framework, back it up, have evidence, explain why, and

then you should be OK. The framework that you choose is ultimately the discretion of

each company. But as long as it's recognized by the EU AI act.” - Interviewee #8

“It's important that there's a community-driven direction that people follow. But it's

just easiest to select one set that is globally accepted and adopted.” - Interviewee #17

“the kinds of interventions or frameworks that might work at Google are probably not

going to work at a startup. Companies find or develop practices and interventions

that are from organizations that are more similar to their own.” - Interviewee #13

Organizations frequently reference respected standards like OECD and NIST RMF for

guidance, though these frameworks often require customization to effectively address

specific industry needs and organizational contexts.

“OECD seems to be the largest and most respected community that people reference

for standards more regularly than others. But we also consider NIST AI RMF, the UN,

the Hiroshima Code of Conduct, and various others, including the Bletchley

Declaration and Canada's standards” - Interviewee #17

“the framework that is probably the most influential on things that we are doing at the

[organization name] is the NIST RMF in part because that encompasses

considerations that have high applicability in industry.” – Interviewee #13

Implementing clear frameworks accelerates development, boosts team confidence and

creativity, and reduces the need to pull models from production.

“It speeds up development pace by just making it a clear path forward. I see people a

lot more confident in their work. Increasing creative problem solving because these

frameworks enable teams to understand the constraints and oftentimes you do need

another layer of creativity and you need to push your thinking further. The last one is

a reduction in having to pull a model from production.” - Interviewee #19
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6.5. Challenges of Integrating Responsible AI

Interviews identified various challenges in regard to the integration of responsible AI. These

challenges can be grouped into the following categories:

Increased Overheads

Emphasis on documentation and compliance in model development imposes a significant

burden on teams, requiring extensive reporting, testing, and transparency.

“It's an additional overhead on the development team. You need to create reports,

order trail, respond to multiple questions, make sure that the kind of data that you're

using that is documented, the process that you're using for algorithm selection that is

documented, explainability, transparency of models is documented.” - Interviewee #4

Unrealistic Customer Expectation

Users often expect flawless outputs from generative AI, despite the inherent limitations and

the reality that the AI technology cannot achieve perfect accuracy.

“There is quickly a user expectation that the output is perfect because now it's a

computer doing it's not a human so you expect the output to be perfect but in reality

and AI is rarely capable of doing something to perfection.” - Interviewee #5

Complexity of the Whole Affair

Addressing the complexity of generative AI remains a significant challenge, with ongoing

efforts to tackle fundamental issues like hallucination and the rapid evolution of the field.

“The complexity of the whole thing. That definitely is the biggest issue in terms of the

product being something that can be relied upon and is trustworthy.” - Interviewee #3

“It's fundamentally hard problem and a lot of things are being worked in that space.

For example, hallucination, there's no one solution to it.” - Interviewee #6

“Everybody is trying to get their head around. We have data scientists working on it

every day. They say they have a hard time keeping up.” – Interviewee #2

“We're never gonna be able to predict all the challenges that AI throws at us just with

the pace of how fast it develops.” - Interviewee #19
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Productivity-Responsibility Tradeoff

Product development teams often face the dilemma of choosing between improving model

performance or ensuring explainability and fairness, with limited resources and a focus on

meeting business requirements driving their decisions.

“Sometimes there's X amount of resources and a limited amount of time and you have

to choose. Do you make a better model? Or do you stop development and say we need

to be able to explain [the model]?” - Interviewee #15

Keeping up with Compliance

Navigating the evolving regulatory landscape requires significant effort to stay informed,

ensure compliance, and effectively communicate complex regulations, because of a lack of

clear standards and varying interpretations within the industry.

“Staying up to date with emerging regulation requires a lot of vigilance as well as

work to then go back and respond back to it. Then helping our customers even

understand what the regulation means and what it is because we're definitely in a

moment where the overall landscape is changing” - Interviewee #14

“If compliance frameworks aren't distilled and applied correctly, they can become too

complex or overly simplistic for businesses to understand and use.”- Interviewee #8

“The lack of clear standards for specific types of systems and then the context in

which those systems are being used.” - Interviewee #17

Team Coordination

Product managers often grapple with the complexity of integrating diverse and distributed

teams, each with different focuses and interpretations of transparency, while also managing

logistical and organizational challenges in a non-hierarchical structure.

“Integrating different and distributed teams together is one of the challenges typically

project managers face here.” - Interviewee #11

“If you have a diverse teams, everyone is understanding transparency differently, so

there is a lot of communication and a lot of what should we do with deciding what.” -

Interviewee #12
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“One challenge we face is simply trying to get a handle on all of the client work

because we're not a hierarchically structured organization. That's a challenge just of

logistics, communication and organization, not of like ethics or something of that

nature.” - Interviewee #16

Skill Shortages

Product managers and development teams often struggle with limited AI expertise and

resources, facing challenges in understanding AI principles and retaining skilled

professionals because of rapid technological advancements and high turnover rates.

“Most of the product managers deal with the fact that they know very little. They don't

really know AI so much themselves. The techniques require you to dig really deep to

make the optimal decision.” - Interviewee #7

“lack of resources that are very conversant with AI principles or AI ethics and our

ways of working if it's in PM. We find that even our legal team are maybe not as well

equipped on AI strategies.” - Interviewee #9

“Retaining knowledge, the fact that data science and data engineering are positions

that make or break your team. They have very high turnover because these skills are

very much in demand.” - Interviewee #15

Negligence in the Early Stages

Product teams often overlook ethical considerations until the final stages, risking legal

repercussions and project delays, as a lack of early focus on responsibility and compliance

can lead to significant setbacks and reactive fixes.

“The challenge is whether they [product team] have taken into those ethical

considerations is very important, else they succumb to those ethical pitfalls at the end

when it comes back to bite them, when the customers throw in a lawsuit or

something.” - Interviewee #10

“Ethical or being responsible, it sounds weak and it doesn't sound like there is

business behind it. It is often neglected until the end of the launch and then just before

the launch there is like we need to have the regulation in place.” - Interviewee #12
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6.6. Strategies to Deal with Challenges

To address the challenges, AI product managers employ the following strategies:

Automated Risk Assessment and Metrics

One strategy is automating risk assessments to minimize overhead and implementing metrics

to prevent hallucination. Also conducting extensive fairness and bias checks while avoiding

synthetic data to ensure reliable and consistent performance.

“We're to create automated workflows where they [developers] just need to select 6-7

checkboxes and the risk assessment is done automatically. We're just trying to

streamline that process so that the overhead is minimal.” - Interviewee #4

“We try to introduce metrics to test for hallucination for instance. We do the RAG

[Retrieval-Augmented Generation] part to making sure that it will not answer in all

kinds of areas that it should not.” - Interviewee #2

Customer Onboarding and Communication

Interactive onboarding sessions ensure new customers understand the product, while ongoing

efforts focus on transparent communication of AI model outputs, accuracy, and data quality

to align expectations and showcase capabilities.

“Every time we get a new customer on board, we make sure to do an onboarding

session so that they have the fundamental knowledge [of the product]. They can ask

questions and make sure that we are aligned on the capabilities.” - Interviewee #5

Customer Feedback Loop

Customer feedback mechanisms are used to identify and address issues like bad language,

PII, and vulnerable code in AI outputs, which then inform updates to frameworks and

guidelines to enhance quality and best practices.

“We also have mechanisms for our customers to provide feedback to us [like

identifying] bad language, PII, potentially vulnerable code [generated by AI ]. We

take all of that input and we look for ways that we can improve the quality of the

output. Then we feed that back to the folks who are defining the frameworks and the
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guidelines to say we think that there's a gap in our guidelines here. We should update

this to use this new best practice.” - Interviewee #14

Building the Right Team

Hiring product managers with expertise in generative models and business is crucial, though

training those without a math background is time-consuming; dedicated teams ensure

adherence to responsible AI practices by collaborating across engineering and governance.

“You hire a product manager who have training in generative models and product

management. If you don't have any, train them but training them takes a whole lot of

time if they don't have mathematics background. So the best way is to just hire people

with good understanding of generative models and good understanding of business

and stuff.” - Interviewee #7

“We have multiple people dedicated to ensuring that we are following responsible AI

best practices. They're product folks, they're not just a policy wonk. They work with

engineering teams, with the governance teams back at [parent organization name] in

order to make sure that we're both staying up to date with new guidelines, new

policies, all of the tests that were implementing, the safeguards appropriately” -

Interviewee #14

Internal and External Collaboration

Organizations seek consultation from subject matter experts from both industry and

academia. Also stay updated on regulations via social media and news, while collaborative

team cultures and engaging workshops are essential for developing effective solutions

through inclusive discussions.

“they [organizations] are asking for consultation advice. They also closely following

the regulation and updates from people on LinkedIn and other social media platforms

and news outlets. There are toolkits being produced and I think each company has

their own toolkit.” - Interviewee #8

“I think if the culture of the team is collaborative, then you find solution quite easily.

If you do like engaging workshops also you can create amazing solutions for these

problems. But that is the work as a consultant, bring in everyone on the desk and then

they talk. You need to translate for all of the voices.” - Interviewee #12
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6.7. Implications

Impact on Product Management

One of the implications is that with AI products, product lifecycle management must

continuously address ethical considerations and the evolving impact of AI models on users.

“performance [of AI models] can change over the course of time depending upon how

you train, fine tune. The ethical questions will no longer be static so product lifecycle

management has to constantly revisit for ethical alignment.” – Interviewee #20

One interviewee highlighted that compliance and documentation requirements for RAI

implementation will slow down the process, while another stressed that product teams must

embrace this, as it is essential for effective communication between different teams.

“productionization of solutions would become slower. Companies are trying to

document experiments, that will also slow down the entire process.” - Interviewee #4

“The documentation is a hindrance to innovation, that mindset now for AI product

development teams has to change.” – Interviewee #20

Product managers must possess technical skills and a solid understanding of technology to

effectively lead and manage their teams, ensuring they are not overshadowed by developers.

“It's going to be difficult to be PM and not have tech exposure and tech skills and

technology. The fundamentals should be in place. Otherwise it is not possible to be in

control and you end up where the team is led by the developers.” - Interviwee #15

Improved Product Safety

Some interviewees believe as responsible AI practices advance, product safety will improve,

leading to greater trust, and reduced risk for end users.

“Increased trust, increased understanding. Also weeding out of bad actors in the

market, ideally. Better product safety that's what I hope.” - Interviewee #17

“As RAI matures, the safety of the products will mature with it and the end users, the

public will be susceptible to fewer harms. That's my guess.” - Interviewee #16
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Positive Influence of Regulations

Regulatory requirements are anticipated to encourage the adoption of responsible practices,

ideally integrating safety considerations throughout the product development cycle.

“I'm hoping with some of the regulatory requirements that it will help unblock a little

bit enough to get companies out of this inertia point and into more actual responsible

practices and be able to grow from there.” – Interviewee #19

“In an ideal scenario, they [product teams] would be influenced in the sense that

these kinds of considerations would be happening throughout the product

development life cycle and that there would be a clear process to follow that improves

the safety of the products.” - Interviewee #13

Automation and Skill Shift

As automation advances, it will reduce the need for human labor in routine checks. It will

create the need for new skills and roles to adapt to the changing landscape of work.

“There will likely be more automation that helps to perform a lot of these checks

without as much human intervention. I don't think human interventions ever gonna go

away. But it won't require as much human labor.” - Interviewee #14

“We will have a lot of revenues generated by machines and the need of human labor

will decrease. Part of RAI will also be the transitioning out to build new skills to help

people to get a new skills and be employed for other task.” – Interviewee #18

Shift in the Nature of Products

The future will see a shift towards utilizing data and specialized models as central elements

of innovation and business strategy, with an increasing focus on integrating data through

language interfaces rather than traditional user interfaces.

“Increasingly, language will be the user interface and then we will be bringing data

from multiple kind of sources to a single threaded conversation. I suspect that a lot

more product managers will be thinking about how they create viable businesses and

viable products based upon the value of their data, rather than just on the value of

their user experience as defined by pixels on the screen.” - Interviewee #14
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6.8. Recommendations

Recommendations varies due to the diverse structures of product management teams from

single individual to centralized functions. However, there are some general recommendations

that can be adapted by each organization according to their specific organizational setup.

Familiarize with the Regulations and Frameworks

Product managers should familiarize themselves with various regulation and frameworks, and

utilize available resources and standards to ensure compliance and effective integration.

“Get introduced to the EU AI Act. I like the way EU AI Act thinks about the citizens

and don't go for the lowest bar that you meet.” - Interviewee #2

“There is a whole suite of resources like RAI Institute or training that we provided or

the NIST AI RMF. If organizations are overwhelmed by the EU AI act to start with, I

think looking at a standard like ISO 42001 is a good way to start to get some of those

controls in place at an organizational level.” - Interviewee #17

Think beyond Regulations

Although regulations are important and even binding in certain cases, interviewees

encouraged to think beyond regulations and focus on the intent behind regulations and ensure

transparency throughout the AI development lifecycle.

“Go beyond the letter of the law and think about intent. Because the legislation is

always gonna be behind when we talk about this kind of fast moving IT technology.

Have a guilty conscience. Be mindful of what could go wrong.” - Interviewee #3

“We should not focus only on the compliance aspects, but we should try to figure out

a way to recheck the entire AI development life cycle.” - Interviewee #4

Adopt a Holistic Approach

Organizations should adopt a comprehensive, phased strategy for implementing responsible

AI, starting with defining core values and operationalizing them across the organization.

“Look up best practices, build out the right policy into the software development life

cycle in collaboration with legal, data privacy, infosec.” – Interviewee #16
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“Start with a holistic full picture strategy, not a single strategy on a single product or

a single ethical value and forgetting to look at the ecosystem that it exists in. It doesn't

have to be done all at once. It's better to build over time.” - Interviewee #19

“Determine what their responsible AI values are depending on their specific use case.

Then figuring out some of the operationalizations. How to translate from the higher

order company level stuff all the way down to product teams.” – Interviewee #13

Engage Top Management

RAI should be a strategic priority involving top management to effectively allocate resources

and mitigate risks. PMs should make a compelling case to stakeholders for investing in RAI,

emphasizing its strategic value, risk mitigation, and potential to build user trust.

“It's a very strategic topic for companies in general and then in particular for product

management. They [top management] should really understand why it is important as

a strategic decision to invest time and resources in responsible AI.” - Interviewee #18

“Make a case to your stakeholders on how it would be beneficial if they adopt RAI

practices and the kind of case you would make is it would mitigate a lot of risk, and it

could build trust with the users.” - Interviewee #6

Build a Responsible Team and Culture

Organizations should prioritize hiring and cultivating a skilled, interdisciplinary team with a

deep understanding of RAI principles. It is crucial to foster a cohesive team culture, ensure

ongoing education and to communicate about these responsibilities.

“They cannot really be very responsible if they never know the details of what

actually you have to be responsible for. So talent management, hire people who are

amazing in generative models that's the first step in responsible AI.” - Interviewee #7

“Hire an interdisciplinary team. You need people able to understand the different

components and they should be like an orchestra to approach this topic in cooperative

manners with an open mindset and constructive mindset.” - Interviewee #18

“Responsible AI starts with the people and the company culture. Are your people

trained and educated on these concepts and frameworks?” - Interviewee #19
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6.9. Other Insights

6.9.1. Use of AI Tools in Product Management

There was a mixed response to the use of AI tools, mainly LLMs. Some product managers

find them useful for getting inspiration in certain use cases such as generating acceptance

criteria, user stories, and user personas.

“I have been having great success for it [in-house LLM] to write acceptance criteria.

Also using it to be creative around generating some input data. I'm not taking it in

100%, but using it as inspiration. […] also generated to do a little bit of API

development but it's just more for the fun of it.” - Interviewee #2

“we use a couple of AI tools like the premium versions of ChatGPT and Claude for

refining the ideas we already have, creating user stories, and suggest different user

personas for specific use cases. Just a bit of suggestions, it's like a brainstorming

partner.” - Interviewee #9

“[from a competitor perspective] I've had extensive looks at the ones that have a

similar type of customer base. On a personal side, I only have used chatGPT [when] I

was looking for a job, just a co-writer in my personal efficiency.” - Interviewee #3

On the other hand, some product managers do not use it instead they rely on their domain

knowledge, experience, and templates that they have created.

“Typically no. With so many years [of experience] we kind of know what needs to be

done and we have some piece of work already done in similar space. I typically rely

on the sources that I already have. I have a nearly laid out the life cycle of a product

and what needs to be created or what needs to be drawn out I can refer back to some

of the content I already have”. - Interviewee #4

“I've tried using ChatGPT but I found it to be absolutely terrible. I have tried to use it

a bit for inspiration in terms of communication, but I've rarely ended up using

anything other than maybe the structure. But it's also because I am very deep in the

industry, which means you have to obtain some kind of context knowledge which

ChatGPT doesn't necessarily support at the same level.” - Interviewee #5
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“the product development teams use it [GPT] if it's an LLM leveraged AI application.

But if it is not, we don't use ChatGPT as a tool for the product management. I don't

use it, but obviously people do leverage it.” - Interviewee #10

Some interviewees shared concerns regarding the use of AI tools because of data protection,

intellectual property, and hallucination issues with possible solutions such as deploying

in-house LLM and careful evaluation of the output generated by AI tools.

“You do not want to also compromise any IP related work. […] You may need to run

it against your knowledge repository and not to the entire part of the ChatGPT

because if you do that then it gets exports outside as well.” - Interviewee #10

“There needs to be an AI culture. If you're using a tool, that's great [but] you need to

be mindful where you can't. You need to make sure it still goes through an internal QA

process. If it's a question of transferring blame, you're the one using the tool. You're

responsible for the output.” - Interviewee #8

6.9.2. Technical Workflow for Building AI Model

One of the interviewees explained the overall workflow of building an AI model as a product,

which is converted into microservices and APIs. This process starts with understanding the

problem, thinking about the solution approach, and then working with the data.

“We think about the data collection from multiple sources involving data

preprocessing, data cleaning, data masking, data wrangling, data translation, and

removing unnecessary white spaces, filling up unfilled fields in the data set. Then we

check any outlier in the data set.” - Interviewee #11

“We spent much time on cleaning the data because when we have a right set and right

amount of data, the AI model prediction will be on the right side. Data cleaning

occupies a very important phase in our AI model engineering.” - Interviewee #11

After processing data, the next two stages are feature engineering and algorithm selection for

which various manual and automated tools and techniques are used.

“From the data we create features, feature generation, feature optimization, feature

selection. Features decide the quality of the prediction. We have to focus more on
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identifying the relevant features, irrelevant features can be removed. There are so

many techniques for feature identification, removal, and choosing.” - Interviewee #11

“There are several automated platforms and frameworks that help to create AI model

based on the algorithm chosen. Also manually we can check with multiple machine

learning algorithms like decision tree, random forest, support vector machine, logistic

regression, linear regression. Then Boosting algorithms, bagging algorithms,

calibrate algorithms, ensemble algorithms are there.” - Interviewee #11

Another interviewee mentioned that most corporate ML models use custom implementations

of open-source algorithms, such as those from scikit-learn, tailored to specific business cases.

The focus is on data integration and responsible usage, whether its a simple regressions or

advanced models like LLMs.

“In 80% of the cases we take from something like scikit-learn or a public Python

library and then make a custom implementation and a custom business case around it

on premise or on cloud for the corporate. But then you build a pipeline around it. It's

all about the data that goes in the predictions it prints and how you integrate that with

your in-house software.” - Interviewee #15

Last stages include evaluation and optimization to meet performance standards. Once

optimized, the model is deployed in a cloud environment using ML platforms, with

continuous monitoring and updates to maintain performance and address issues like data

quality decline and concept drift.

“Once a model is arrived then we evaluate whether the AI model is able to give the

required result required performance required throughput. If they are not up to the

mark, then we go back using back propagation to do the correction within the

parameters. Then we will again check it. AI model engineering. AI model evaluation.

AI model optimization.” - Interviewee #11

“We use ML apps platform to deploy that ML model in a cloud environment. Then

there are observability platform, security platform, monitoring framework that help to

continuously update the model to keep up its performance because the data quality

may go down, the concept drift can occur.” - Interviewee #11
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6.9.3. Regulatory Compliance

Overall, the response to AI regulations was positive. Regulations are viewed as drivers of

innovation, with responsible AI practices offering a competitive advantage and enhancing

product and company value. This approach is seen as fostering a virtuous cycle and

increasing market share, despite ongoing challenges and areas for improvement.

“There is this old school view of compliance being the business prevention

department. In this new world, I think compliance should be the innovation driver, the

business facilitator.” – Interviewee #8

“I don't think in that way [regulations hinder innovation]. I think it brings value to

the product, also to the company and then it will create a virtuous cycle and increase

the market shares of the companies investing in responsible AI.” – Interviewee #18

“We are moving in the right direction. It's not perfect, there are a lot of open question.

But at least it is the first step and this is an important first step. It's important to see

that there is at least something and we can improve it with time.” - Interviewee #18

However, financial and other penalties for non-compliance remain a crucial aspect of

regulation. The shifting landscape, including actions by venture capitalists and executive

orders, is pushing companies to prioritize ethical frameworks and compliance to access

lucrative markets like the EU and government contracts.

“Right now, the incentives are more into hey, you'll pay a lot of money if you don't

comply with the acts [regulation].” – Interviewee #6

“EU market is really important and they [other countries] just want to make sure

their product based on AI will be marketable in the EU.” - Interviewee #18

“you [startup company] just pushed the ethics to the side. Then venture capitalists

were starting to pull back their money, and they were starting to say, I ain't gonna

fund a company that's not thinking about potential ramifications of their product. So

the ground has been shifting in any particular place.” - Interviewee #20

“One of the things we've seen is that executive orders are pushing our government

towards requiring the framework itself. Here everybody wants to sell to the
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government like everybody. So as they're rolling out AI products, they have to be

thinking about the framework, and that's probably a better approach than trying to

implement evaluations or standards of care.” - Interviewee #20

While regulation is important, the focus should be on deploying responsible AI solutions

aligned with business objectives to prove their value. Demonstrating the business case for

responsible AI fosters self-regulation, ensuring companies meet legal requirements and

remain competitive in the market.

“Although regulation is important, regulation will not save us. I would say actually

the effort should be channeled into deploying responsible AI solutions that are

connected to business impact and business objectives so that we can prove the

business case for responsible AI and ethics.” - Interviewee #19

6.9.4. Relevance of the Research

Most interviewees expressed their interest in reading the research outcomes, highlighting the

lack of documented practices and a strong need for more information on the topic.

“I'm looking forward to your research. I've seen AI applications in product

management, but not on how to do that in a responsible way. And if there's been that,

there's no documented research around those practices.” - Interviewee #9

“We need more people like you going out there and performing this kind of survey.

The entire industry is trying to make sense of this stuff and everyone, myself included,

is just hungry for information and to understand what the consensus is. Thank you for

going out there and helping to advance all of our work.” - Interviewee #14

One interviewee mentioned the issues of academic solutions in a practical setting. This

highlighted the need for research focusing on industry practices.

“a lot of the solutions proposed in academia were not tractable for actual practice,

either because it would take so much time to get situated in that literature or because

they wouldn't integrate with workflows, weren't practical, relied on assumptions about

data or capacities we would have that we didn't have.” - Interviewee #13
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6.10. Feedback and Validation

Key findings were shared with the interviewees for feedback and validation. One interviewee

noted a shift in the industry, with companies increasingly prioritizing AI effectiveness over

RAI, privacy, and security concerns to achieve promised productivity gains.

“a lot of companies are starting to move past RAI, privacy, and security concerns and

become much more interested in making AI effective in their workplace. The industry

has collectively made a lot of promises about productivity gains, and now customers

expect to realize those gains.” - Interviewee #14

This could mean ethical issues are overlooked. However, according to the interview, this shift

is because of better understanding of responsible AI challenges and improved processes.

“Folks aren't overlooking RAI, but the problems/processes seem to be better

understood, and therefore require less effort. I certainly don't want to imply that RAI

is a "solved problem". Just like any engineering fundamental (e.g. security, privacy,

accessibility, reliability), RAI will always require attention. But it's not as big,

ambiguous, and unpracticed as it once was.” - Interviewee #14

Also productivity is not the only incentive to adopt AI, it has other use cases as well. For

instance, LLMs are expected to be applied to security and vulnerability remediation.

“While "productivity" is still one of the most tempting benefits, I suspect that we'll see

LLMs applied to more use cases than simply increased productivity over the next 1-2

years. Personally, I'm starting to look at more use cases related to security and code

quality where LLMs can assist with vulnerability remediation.” - Interviewee #14

For AI product managers, this means they have to ensure customer success which requires

working with solution engineers and communicating with customers.

“Consequently, an increasingly important part of Product Manager's job is to ensure

customer success. This means working directly with solution engineers (i.e. the

engineers+consultants typically responsible for working directly with customers) to

ensure they also understand how the technology works, what patterns+processes

result in good outcomes, and how to perform the change management necessary to

adopt new tools.” - Interviewee #14
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7. Discussion
7.1. Product Management Practices for AI Products

To effectively integrate responsible AI principles into product management, it is important to

first understand the specific practices involved in managing AI products. The findings of this

study highlighted that product management practices for AI products are built upon

traditional practices but include additional considerations unique to the nature of AI

technologies. Core practices such as product discovery, vision development, road mapping,

pricing, and release planning remain central to managing AI products. However, these

practices are adapted to address the specific challenges posed by AI's probabilistic nature.

Unlike traditional deterministic software, AI products require a more iterative and

experimental approach due to their inherent unpredictability. This necessitates additional

safety nets, extensive experimentation, and a greater emphasis on research. Also, AI product

managers must navigate complex technical tasks, such as integrating APIs and building AI

models. Building an AI model involves data handling, feature engineering, algorithm

selection, optimization, cloud deployment, and ongoing monitoring to address data quality

and performance issues. Understanding this technical workflow is important for product

managers to integrate responsible AI throughout the AI model development lifecycle.

Other key practices include assessing whether AI is the right solution for a given problem,

managing the AI-specific coding and data processes, and ensuring responsible and

transparent practices to comply with regulations like the EU AI Act and GDPR. As an AI

product manager, effective communication with both customers and development teams is

also crucial to manage customer’s expectations and help them understand the functionality of

AI products.

This study also explored the use of AI tools in product management, especially large

language models (LLMs), which received mixed responses. Some product managers

appreciate LLMs like ChatGPT and Claude for tasks such as generating acceptance criteria

and user stories, finding them useful for inspiration and brainstorming. However, others

prefer relying on their domain expertise and established templates, arguing that AI tools may

not provide the contextual accuracy needed for their specific needs. Some interviewees use

in-house LLMs because of data protection, intellectual property, and the reliability of AI

outputs concerns.
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7.2. Integration of Responsible AI into Product Management

Integrating Responsible AI (RAI) into product management is essential for the ethical

development and deployment of AI products. The majority of the interviewees said that their

organization integrates responsible AI. However, this process varies widely in maturity and

approach among organizations but typically involves several key practices. Structured

templates, comprehensive documentation, and rigorous testing are some of the common

practices to guide AI product releases. Some organizations integrated risk assessment

throughout the AI development lifecycle, with particular attention to high-risk applications.

Effective RAI integration also requires collaboration across teams. Some organizations have

dedicated RAI teams that create and enforce guidelines and procedures. These teams work

with product management, legal, and other departments to ensure the alignment of various

teams. Product managers often need to address concerns raised by engineers and other

stakeholders, to build a culture of responsibility. Since the field of RAI is rapidly evolving,

product managers must stay informed through academic research and industry best practices.

When it comes to responsible AI frameworks, most organizations customize them to fit

specific needs and workflows. AI product managers must ensure that their chosen framework

aligns with their organization's values and regulatory requirements while remaining adaptable

to industry changes. These custom-built frameworks typically incorporate regulatory

standards such as the EU AI Act and OECD guidelines. Frameworks from private

organizations are often used as inspiration for technical setups but not necessarily for values

and principles. This is partly due to product managers' skepticism about the intentions of

private organizations and the fact that private company frameworks are non-binding and

more prone to change compared to the EU AI Act.

Although most of the interviewees said their organizations integrate responsible AI, not all

organizations prioritize this integration in their AI products. Some neglect RAI entirely, while

others postpone it until the final stages of the product lifecycle, just before launch. This delay

is often due to resistance from product teams, driven by limited resources and the eagerness

to ship the product. Additionally, top management may fail to recognize the business value of

integrating responsible AI, further hindering its implementation. This raises concerns about

the potential harm these AI products might cause.
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Based on the research findings, practices within the ISPMA SPM framework are mapped on
each dimension of the Responsible Innovation framework, as presented in Table 3.

Responsible Innovation

Dimensions

ISPMA SPM Framework

Practices

Anticipate Market and Product Analysis: Understanding market needs

and ethical values through market and product analysis helps

anticipate potential impacts and risks associated with AI

products. This foresight ensures that AI systems are designed

with future ethical considerations in mind and align with

market demands and regulatory requirements.

Roadmapping: Incorporates responsible AI practices by

setting strategic milestones and checkmarks. This helps

anticipate and address future ethical and operational challenges

throughout the product's lifecycle. Structured templates and

comprehensive documentation are used to foresee potential

issues and guide the development process.

Reflect Product Life Cycle Management: Managing the product

throughout its lifecycle, including monitoring for model drift

and tracking, requires ongoing reflection on the ethical

implications and performance of the AI system. This

continuous review helps adapt practices based on insights and

challenges.

Performance and Risk Management: Regular risk analysis

and management practices involve reflecting on and mitigating

risks associated with AI products. This reflexivity ensures that

responsible AI practices are continuously evaluated and refined

based on performance metrics and risk assessments.

Engage Customer Insight: Gathering feedback from users and domain

experts ensures that diverse perspectives are included in the

development process. This practice helps align AI products

with user needs and ethical standards by incorporating their
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insights into the product's design and functionality.

Ecosystem Management: Coordinating with various

stakeholders, including technology providers and partners,

enhances the inclusivity of AI development. This collaboration

ensures that different viewpoints and expertise are considered,

contributing to a more responsible and comprehensive

approach to AI.

Act Positioning and Product Definition: Responsively defining

and positioning the product involves adapting to ethical

standards and regulatory requirements. Providing public-facing

documentation and clear product definitions ensures that

stakeholders are informed about the ethical aspects and

functionality of the AI product.

Delivery Model & Service Strategy: Adapting the delivery

model and service strategy to include responsible AI practices

demonstrates responsiveness to evolving ethical and regulatory

requirements. Ensuring that documentation and processes are in

place for different delivery teams helps maintain alignment

with responsible AI principles throughout the product's

deployment.

Legal and IPR Management: Addressing legal and

intellectual property issues responsively ensures compliance

with regulations and ethical standards. This involves adapting

to legal requirements and managing IP considerations to

support the responsible use and development of AI

technologies.

Sourcing: Ensuring transparency and ethical practices in

sourcing data and resources is a responsive approach to

managing the inputs and impacts of AI products. This involves

adapting sourcing practices to meet ethical and regulatory

standards.

Table 3: Responsible Innovation Dimensions and ISPMA SPM Practices
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7.3. Challenges and Strategies for Integrating RAI in PM

This study identifies several key challenges encountered by AI product managers during the

integration of responsible AI and strategies for addressing these issues. A concise overview

of these challenges and corresponding strategies is presented in Table 4.

The challenges identified in this study resonate with the challenges discussed in the available

literature. For example, Morley et al. (2023) highlighted the challenge of justifying the extra

time and costs of 'pro-ethical' design without a clear ROI. This aligns with the “increased

overheads” and “productivity-responsibility tradeoff” challenge. Khan et al. (2022)

mentioned management and technical staff lack awareness of the moral and ethical

complexities involved in AI systems, this resonates with a “skills shortage”. Regulations vary

across jurisdictions (Lu, Zhu, Xu, Whittle, et al., 2022) which makes it difficult to “keep up

with compliance”. “team coordination” challenge is discussed by Schiff et al. (2020) who

mentioned the "many hands" and "division of labor" problems in AI development which arise

from the separation between technical and non-technical teams, leading to dispersed

accountability and ineffective communication, which impedes addressing AI's broader social

impacts. Schiff et al. (2020) also discussed the “complexity of the whole affair”, highlighting

AI's impacts on human well-being are complex and multifaceted, yet discussions often focus

too narrowly on issues like bias and transparency, neglecting broader, interconnected risks.

The strategies in this study also align with the existing literature including engaging top

management, forming a dedicated team for RAI (Lu, Zhu, Xu, Whittle, et al., 2022),

customer communication, adopting a holistic approach (Akbarighatar, 2024) and external

collaboration (Shneiderman, 2021). It important to note that these strategies are not

universally applicable for various reasons. For instance, automated risk assessment might

necessitate a custom-built tool which is a significant undertaking. Interactive sessions may be

feasible for high-ticket B2B customers but not for low-ticket B2C customers. Forming a

dedicated RAI team with highly skilled resources may be impractical for small startups with

limited staff. Engaging top management in a large organization might be challenging for AI

product managers.

Nevertheless, AI product managers can use the findings as a reference to understand the

challenges they might face and to select, combine, and tailor strategies to address the specific

challenges they encounter during the development and management of an AI product.
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Challenges Strategies

Increased Overheads: Documentation and

compliance add significant burden on

teams, requiring extensive reporting, testing.

Automated Risk Assessments: Create

automated workflows for risk assessments

and testing with minimal manual input.

Unrealistic Customer Expectations: Users

often expect flawless outputs from AI,

despite the technology's inherent limitations.

Customer Communication: Help new

customers understand the product via

onboarding sessions and in-app information.

Complexity of the Whole Affair: The

complexity of ethical issues and the rapid

pace of technological evolution of AI.

Build a Right Team: Hire product

managers with expertise in both AI models

and responsible AI challenges.

Productivity-Responsibility Tradeoff:

Reluctance to RAI implementation from

product teams due to limited resources.

Think Beyond Regulations: Communicate

the potential risks to product teams beyond

mere compliance including business risks.

Keeping up with Compliance: Navigating

the evolving regulatory landscape to ensure

regulatory compliance.

Form an RAI Team: To continuously

monitor and adapt to the evolving

regulatory landscape, ensuring ongoing

compliance.

Team Coordination: Integrating diverse

and distributed teams with varying focuses

and interpretations of RAI principles.

Adopt a Holistic Approach: Build a

comprehensive strategy and policy with

clear responsibilities for each team member.

Skill Shortages: Limited AI expertise and

high turnover rates of skilled professionals.

External Collaboration: Engage with

subject matter experts and arrange team

workshops to develop necessary skills.

Negligence in the Early Stages: Ethical

considerations are often overlooked until the

final stages of product development.

Engage Top Management: Build case for

strategic value of RAI, its potential to build

user trust and risk of regulatory panelities.

Table 4: Challenges and Strategies for Integrating RAI in PM
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7.4. Limitations & Future Research

This research provides insights into the management of AI products and the integration of

responsible AI principles. However, there are several limitations to this study that present

opportunities for future research. Specifically, this study has three notable limitations:

1. Scope: This research offers a high-level understanding of the research problem but it

does not cover detailed implementation of specific responsible AI principles. For

example, mapping each Responsible AI (RAI) principle to specific practices within

product management. Future research could look into implementation details for

specific RAI principles to provide a technical guide for AI product managers.

2. Sample: This study primarily reflects the perspective of Product Managers. To gain a

more holistic understanding, it is crucial to include the viewpoints of other

stakeholders within the organization. Future studies could investigate the perspectives

of the management team responsible for governance policies and the engineering

teams involved in developing AI products and implementing RAI principles.

3. Methodology: This study employed interviews as the primary data collection method.

Alternative methodologies, such as case studies or focus groups, could provide deeper

insights. For example, conducting focus groups with diverse product

teams—including product managers, designers, engineers, and experts in responsible

AI policy and research—could facilitate a more focused dialogue on specific

problems and solutions.

Future researchers can address any or all of these limitations to expand this research and

contribute to the field of responsible AI, particularly regarding its integration into the product

management of AI products. For this purpose, targeting “responsible AI products” directly

could be a useful strategy, as these products deal with customers lacking responsible practices

and can share their own implementation experiences and challenges.
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8. Conclusion
AI products are increasingly embedded in our daily lives, despite the well-documented

ethical concerns of AI. Massive investments are pouring in from venture capitalists and tech

giants alike, signaling a future dominated by automation. But what kind of future are we

heading towards with such automation?

"The rise of powerful AI will be either the best, or the worst thing, ever to happen to

humanity. We do not yet know which." (“Stephen Hawking Warns of Dangerous AI,”

2016)

While we cannot predict the future with certainty, we do hold the power to shape it through

our choices today, particularly those influencing the course of technological innovation. This

research aims to guide, those who influence AI's trajectory, toward responsible innovation by

offering insights into integrating responsible AI within product management. It explored

current practices, challenges, and strategies employed by product managers.

Although integrating responsible AI is an organization-wide effort, product managers play a

crucial role in orchestrating it. This involves engaging top management by presenting the

business case for responsible AI, addressing productivity and responsibility concerns raised

by product teams, and communicating with customers to build trust while navigating the

evolving technological and regulatory landscape.

This study may not resolve the overarching ethical challenges associated with AI. However, it

provides valuable insights for industry professionals, academics, and policymakers who are

invested in addressing these concerns. Building a better future is our collective responsibility

because this is what we pass on to the next generation. The responsibility does not lie on AI

but on ourselves.

“We are building now what will remain for the future generation. We will be the

ancestor of our kids when we will die, so how can we become better ancestor for

them? I think this is a question in the context of AI.” - Interviewee #18
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10. Appendices
10.1. Appendix A - Interviews
10.1.1. Interview Guides

Sections Interview Questions RQ

Introduction
1. Could you please introduce yourself and share

your experience with AI products?
General

AI Product

Management

2. What kind of practices or activities do you perform

as a product manager working with AI products?

a. Do you use AI tools in your product

management? Which ones and how?

3. How do you compare these practices with

traditional product management practices?

General

RAI Integration

4. Does your organization integrate responsible AI

principles into product management?

a. If yes, how? If not, why not?

5. Do you use any specific RAI framework? Which

one and why? If not, why not?

RQ 2

Challenges &

Implications

6. What challenges do you face when you integrate

RAI in product management? Examples?

7. How does your organization address the challenges

of integrating RAI principles in PM?

8. What kind of implications do you foresee for

integrating RAI principles in PM practices?

RQ 3

Recommendations
9. What would you recommend for organizations

seeking to integrate RAI into their PM practices?
RQ 2

Concluding

Remarks

10. Is there anything else you would like to add or if

you have any questions?
General

Table 5: Interview Guide for AI Product Managers
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Sections Interview Questions RQ

Introduction

1. Could you please introduce yourself and share

your experience with responsible AI and AI

products?

General

RAI Frameworks

2. How do you see different frameworks for RAI?

a. Which ones are more relevant for product

teams?

3. What are your thoughts on RAI framework by

private companies [Google, Microsoft]?

a. How would you respond to the concern

regarding the credibility of RAI framework

by private companies?

RQ 2

RAI Integration

4. How do organizations currently approach the

integration of responsibility AI, particularly in

their product management?

RQ 2

Challenges &

Implications

5. What challenges do you see organizations face

when they integrate responsible AI principles?

6. How are organizations currently dealing with these

challenges?

7. What kind of implications do you foresee for

integrating RAI principles in PM practices?

RQ 3

Recommendations
8. What would you recommend for organizations

seeking to integrate RAI into their PM practices?
RQ 2

Concluding

Remarks

9. Is there anything else you would like to add or if

you have any questions?
General

Table 6: Interview Guide for RAI Consultants, Researchers and Policy Makers
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10.1.2. Description of Interviewees

# Designation Category Duration

1 Product Management Consultant Product Management 48 minutes

2 Senior Product Manager Product Management 40 minutes

3 Product Manager Product Management 30 minutes

4 Associate Director Product Management Product Management 33 minutes

5 Senior Product Manager AI Product Management 42 minutes

6 Product Manager Product Management 26 minutes

7 Senior Product Manager AI Product Management 40 minutes

8 Director Consultant RAI 20 minutes

9 Senior Product Manager Product Management 30 minutes

10 Associate Director AI Product Management 30 minutes

11 Chief Architect & VP AI Division Product Management 23 minutes

12 Managing Consultant Consultant RAI 20 minutes

13 AI Governance Fellow Research & Policy 28 minutes

14 VP Product Product Management 36 minutes

15 Product Manager AI Product Management 32 minutes

16 Director Consultant RAI 54 minutes

17 Managing Director Research & Policy 39 minutes

18 Independent Ethics Expert Research & Policy 32 minutes

19 Author & AI Ethicist Consultant RAI 29 minutes

20 Professor & Director AI Ethics Research & Policy 27 minutes

Table 7: Description of Interview Respondents
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10.1.3. Codebook for Thematic Analysis of Interviews

# Code Description

Theme: Product Management Practices for AI Products

1 Key Practices Core activities for managing AI products.

2 Product Life cycle Stages from discovery to deployment of AI products.

3 Traditional SPM SPM practices for standard software like web, mobile app.

4 People Aspect SPM practices that involve people (customers, teams).

5 Compliance SPM practices that involve legal and ethical issues.

Theme: Practices for Integrating Responsible AI

6 RAI People Individuals and teams dedicated to RAI implementation.

7 Templates Predefined formats for documenting AI development.

8 Risk Assessment Evaluating potential risks throughout the AI lifecycle.

9 Transparency Clear and accessible information about AI products.

10 External Resources Utilizing industry research and expert insights for RAI.

11 Toolkits Tools and resources for implementing RAI.

Theme: Frameworks of Responsible AI

12 Private Frameworks RAI frameworks proposed by private organizations.

13 Overlapping Principles Shared principles across various RAI frameworks.

14 Custom Framework RAI frameworks tailored for organizational needs.

15 Framework Issues Challenges and limitations within existing RAI frameworks.

16 Framework Selection Choosing the most appropriate RAI framework.
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17 Influential Frameworks Widely adopted RAI frameworks.

Theme: Challenges of Integrating Responsible AI

18 Increased Overheads Additional resources required for implementing RAI.

19 Customer Expectations User expectations for the AI products.

20 Complexity The intricate challenges involved in integrating RAI.

21 Productivity Tradeoff Balancing productivity with RAI implementation.

22 Compliance Challenge Complexities of adhering to RAI regulations and standards.

23 Team Coordination Collaboration among teams for RAI implementation.

24 Lack of Knowledge Insufficient expertise and understanding of AI and RAI.

25 Negligence Lack of integration of RAI in the product lifecycle.

Theme: Strategies to Deal with Challenges

26 Automated Workflows Streamlining RAI processes through automated systems.

27 Checks and Metrics Benchmarks and monitoring systems for AI performance.

28 Communication Informing customers about AI product and use of their data.

30 External Resources Utilizing industry research and expert insights for RAI.

31 Collaborative Culture Teamwork and shared responsibility in AI products.

32 Feedback Loop Customer insight identifying ethical issues in AI product.

Theme: Implications

33 Impact on PM Influence of RAI on product management practices.

34 Better Products Improvement in quality and safety of AI products.

35 Improved Processes Improvement in RAI implementation processes.
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36 Further Automation Automation of RAI operations that are manual currently.

37 Nature of Product Change in characteristics and features of AI products.

Theme: Recommendations

38 Regulations Legal standards and guidelines governing AI development.

39 Beyond Regulation Exceeding basic compliance to ensure RAI implementation.

40 Engage Management Involving leadership in supporting RAI implementation.

41 Team and Culture A collaborative environment for RAI implementation.

42 Holistic Approach A comprehensive strategy for integrating RAI.

Theme: Use of AI Tools in Product Management

43 Useful Positive response to the use of AI tools

44 Not Useful Negative response to the use of AI tools

45 Why Not Using Reasons for not using AI tools

Theme: Technical Workflow for Building AI Model

46 AI Model Building Process of building an AI/ML Model

Theme: Regulatory Compliance

47 Innovation Regulations facilitating innovation

48 Penalties Consequences of failing to meet regulatory standards in AI

Theme: Relevance of the Research

49 Research Gap Areas in AI PM lacking sufficient study or evidence

Table 8: Codebook for Thematic Analysis of Interviews
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10.2. Appendix B - Key Findings for Feedback and Validation

Here are the key findings of the study after analyzing the data generated by 20 interviews

with professionals in AI product management and responsible AI space.

AI Product Management Practices

● The core principles of product management remain the same for AI and traditional

software products, though AI products require additional practices.

● The first step in AI product development is to evaluate if AI is the most appropriate

solution for the problem, focusing on user needs rather than technology.

● AI product managers must handle the probabilistic nature of AI products, which

requires additional safety nets, experiments, and safeguards compared to traditional

software.

● Managing AI products involves more research than traditional software products due

to feasibility factors and unknowns, placing product managers more in a research

space.

● AI product management is more technical, involving AI-specific coding, consuming

foundation model APIs, building AI models, and data processing.

● Effective communication and customer education are crucial as customers are often

more concerned about data in AI products and may need guidance to adopt AI

solutions.

● Navigating regulatory requirements and ensuring adherence to ethical considerations

and responsible AI practices is essential, involving legal implications, data protection

regulations, and industry-specific requirements.

Integration of Responsible AI in Product Management

Currently Status and Approaches

● Integration of responsible AI practices varies widely across organizations, often

encompassing the entire organization rather than being limited to product

management.

● Some organizations have dedicated teams and governing bodies for navigating

regulations and implementing standard procedures for responsible AI.
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● Structured templates, comprehensive documentation, and extensive testing are used to

ensure adherence to best practices and safeguards for AI models.

● Risk assessments are integrated throughout the AI development lifecycle, with

specific risk management strategies for high-risk applications.

● Balancing transparency with intellectual property rights is challenging, but informing

customers about data usage remains a priority for transparency.

Frameworks of Responsible AI

● The EU AI Act is more stringent and comprehensive compared to company-specific

frameworks, which are seen as less impactful and driven by self-preservation.

● Organizations are increasingly developing their own frameworks, grounded in their

principles and use cases, and integrating regulatory standards like the EU AI Act and

OECD guidelines.

● Emphasis is placed on aligning with specific regulations and integrating frameworks

like EU AI Act, NIST for actionable guidelines to address practical harm at the

use-case level.

● Existing frameworks often lack specificity and do not integrate well into product

management workflows, highlighting the need for a comprehensive framework

covering the entire product lifecycle.

● Companies are encouraged to select globally recognized frameworks based on their

specific context, such as business size and industry, and customize these standards to

effectively address industry-specific needs and organizational contexts.

Challenges of Integrating Responsible AI

● Increased Overheads: The emphasis on documentation and compliance in model

development adds a significant burden on teams, requiring extensive reporting,

testing, and transparency efforts.

● Unrealistic Customer Expectations: Users often expect flawless outputs from

generative AI, despite the technology's inherent limitations and the reality that perfect

accuracy is rarely achievable.

● Complexity of the Whole Affair: The complexity of generative AI, including issues

like hallucination and the rapid pace of technological evolution, remains a significant

challenge for ensuring reliability and trustworthiness.
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● Productivity-Responsibility Tradeoff: Teams face a dilemma between enhancing

model performance and ensuring explainability and fairness, often constrained by

limited resources and business requirements.

● Keeping up with Compliance: Navigating the evolving regulatory landscape demands

significant effort to stay informed, ensure compliance, and interpret complex

regulations, especially due to the lack of clear standards.

● Team Coordination: Integrating diverse and distributed teams with varying focuses

and interpretations of transparency poses logistical and organizational challenges,

particularly in non-hierarchical structures.

● ·Skill Shortages: Limited AI expertise and high turnover rates create difficulties for

product managers and development teams in understanding AI principles and

retaining skilled professionals.

● Negligence in the Early Stages: Ethical considerations are often overlooked until the

final stages of product development, leading to potential legal issues and project

delays due to insufficient early focus on responsibility and compliance.

Strategies to deal with Challenges

● Automated Risk Assessments and Metrics: Automating risk assessments with

minimal manual input and implementing metrics to test for hallucination are strategies

used to ensure reliable AI performance and prevent errors.

● Customer Onboarding and Communication: Interactive onboarding sessions help new

customers understand the product, while transparent communication about AI model

outputs, accuracy, and data quality aligns expectations and showcases capabilities.

● Customer Feedback Loop: Mechanisms for collecting customer feedback on AI

outputs, such as detecting bad language and sensitive information, are used to update

frameworks and improve quality and best practices.

● Building the Right Team: Hiring product managers with expertise in generative

models and business is crucial, and dedicated teams work to ensure adherence to

responsible AI practices by collaborating across engineering and governance.

● Internal and External Collaboration: Organizations engage with subject matter

experts, stay updated on regulations through various channels, and foster collaborative

team cultures and workshops to develop effective AI solutions.
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Implications

● Ethical Considerations: AI product lifecycle management must continuously address

ethical considerations and the evolving impact of AI models on users.

● Compliance and Documentation: The need for rigorous compliance and

documentation for responsible AI (RAI) implementation may slow down production

but is essential for effective team communication.

● Product Safety and Trust: As responsible AI practices advance, product safety will

improve, leading to greater trust and reduced risk for end users.

● Regulatory Influence: Regulatory requirements are anticipated to encourage the

adoption of responsible practices, integrating safety considerations throughout the

product development cycle.

● Increase in Automation: Automation will reduce the need for human labor in routine

checks, creating new skills and roles to adapt to the changing AI-driven work

landscape.

● Shift in Nature of Products: The future will see a shift towards utilizing data and

specialized models as central elements of innovation and business strategy, with an

increasing focus on integrating data through language interfaces rather than traditional

user interfaces.

Recommendations

● Familiarize with Regulations and Frameworks: Product managers should understand

regulations like the EU AI Act and utilize resources such as the NIST AI RMF and

ISO 42001 standards to ensure compliance and effective integration.

● Think Beyond Regulations: Emphasis should be on the intent behind regulations,

ensuring transparency throughout the AI development lifecycle, and considering

potential risks beyond mere compliance.

● Adopt a Holistic Approach: Organizations should implement a phased strategy for

responsible AI, starting with core values and integrating best practices across the

software development lifecycle in collaboration with legal, data privacy, and

information security teams.

● Engage Top Management: Responsible AI (RAI) should be a strategic priority

involving top management to allocate resources effectively and mitigate risks,

highlighting its strategic value and potential to build user trust.
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● Build a Responsible Team and Culture: Hiring skilled, interdisciplinary teams and

fostering a culture of responsibility and ongoing education are crucial for successful

RAI implementation, ensuring team members understand and uphold RAI principles.

Other Insights

Use of AI Tools in Product Management

● Product managers have mixed responses to using AI tools, particularly LLMs, with

some finding them useful for generating acceptance criteria, user stories, user

personas, and for refining ideas, brainstorming, and creating specific use case

suggestions.

● Some product managers prefer relying on their domain knowledge, experience, and

pre-existing templates over AI tools.

● Concerns about data protection, intellectual property, and the accuracy of

AI-generated content lead some to advocate for in-house LLMs and careful evaluation

of AI outputs.

● There is a recognition that using AI tools requires a mindful approach, including

adherence to internal QA processes and responsibility for the generated content.

Technical Workflow for Building AI Model

● Building an AI model as a product involves understanding the problem, devising a

solution, and working with data, including extensive data preprocessing and cleaning

to ensure high-quality predictions.

● The workflow includes feature engineering, where relevant features are generated,

optimized, and selected to enhance prediction quality, utilizing various manual and

automated tools and techniques.

● Algorithm selection involves testing multiple machine learning algorithms, such as

decision tree, random forest, and support vector machine, and employing advanced

techniques like boosting and ensemble methods.

● The final stages involve evaluating and optimizing the model to meet performance

standards, followed by deployment in a cloud environment with continuous

monitoring and updates to maintain performance and address issues like data quality

decline and concept drift.
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● Corporate ML models often use custom implementations of open-source algorithms

tailored to specific business cases, with a strong focus on data integration.

Regulatory Compliance

● Current incentives focus on financial penalties for non-compliance, making risk and

compliance crucial for AI products.

● Regulation is driving innovation, as incorporating responsible AI into products and

processes provides a competitive advantage.

● Compliance should be viewed as an innovation driver and business facilitator, not a

hindrance, and streamlined processes can enhance efficiency and productivity.

● Regulations add value to products and companies, creating a virtuous cycle that

increases market share for those investing in responsible AI.

● There is a growing emphasis on ethical AI practices from investors and governments,

with frameworks and executive orders pushing for responsible AI development to

meet market and legal requirements.
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