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Abstract. 
This study explores how Nigerian digital product managers perceive and adopt artificial intelligence 
(AI) in their workflows. While AI is increasingly used across organisations, little is known about its 
integration in product management, particularly in emerging markets like Nigeria. Using the Unified 
Theory of Acceptance and Use of Technology (UTAUT) as a foundation, the study employed semi-
structured interviews with thirteen product managers and conducted an inductive thematic analysis. 
Findings reveal a pragmatic view of AI as a supportive collaborator that enhances creativity and 
productivity. Three core themes emerged: Drivers of Adoption, Human-AI Partnership, and User 
Agency. While UTAUT explains much of the adoption behaviour, it does not fully capture the 
evolving stylisation users develop when interacting with AI. To address this, the study proposes 
User Agency as an extension to UTAUT, reflecting the user’s ability to influence and co-create with 
AI systems. This research contributes to understanding AI adoption in digital product management 
and offers insights for organisations aiming to integrate AI meaningfully into creative, knowledge-
based roles. 
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1 Introduction 

In today’s digital economy, innovation is no longer optional for organisations seeking competitive 

advantage. At the core of innovation is product management, which is the discipline responsible for 

determining what products or features should be built and why (Olsson & Bosch, 2025). With the 

rapid integration of artificial intelligence (AI) into organisational workflows, product management 

is transforming. AI-powered tools now support decision-making, enhance user experiences, and 

automate routine tasks (Ogundipe et al., 2024; Springer & Miler, 2022). These developments 

suggest a future in which product innovation is increasingly driven by human–AI collaboration. 

 

AI, defined as the ability of machines to perform tasks that typically require human intelligence 

(Anand Y. Kenchakkanavar, 2023) has accelerated innovation across industries. Yet its adoption 

remains uneven. Organisational resistance, concerns about job displacement, and distrust in 

algorithmic decisions continue to slow adoption (Sharaf et al., 2024; Williams & Yampolskiy, 

2021). A recent BCG report (2024) noted that three-quarters of organisations have not yet realised 

the value of AI, with human and process-related factors, rather than technical limitations, identified 

as key barriers to scaling. Product management, as a decision-making function that bridges business 

goals and customer needs, plays a critical but under-examined role in this adoption journey. 

 

The need to understand how product managers engage with AI is especially urgent in emerging 

markets like Nigeria, where the tech industry is growing rapidly. Referred to as “Africa’s Silicon 

Valley,” Nigeria hosts over 400 licensed tech companies (NITDA, 2021) and is actively investing 

in AI through government-led initiatives like innovation hubs and the National AI Strategy 

(Egbulem et al., 2024). AI is gaining traction across sectors such as healthcare, finance, and 

agriculture. However, technological progress alone does not guarantee meaningful adoption. As the 

socio-technical systems perspective emphasises, successful integration of AI depends not just on 

the sophistication of the tools, but on how well they align with organisational contexts and human 

values (Araujo et al., 2020; Mumford, 2000). 

 

Despite growing scholarly interest in AI’s organisational impact, most existing studies either focus 

on technical deployment or explore Nigerian AI adoption in fields such as HR, journalism, and 

librarianship (Emiri, 2023; Ogwo et al., 2023). Research that examines how product managers, 

particularly in the Global South, perceive, adopt, or resist AI in their work remains scarce. Yet 

product managers are key actors in innovation ecosystems, responsible for aligning user needs, 

technical feasibility, and business viability. Without understanding their perceptions and practices, 

efforts to embed AI into product development may fall short of their intended outcomes. 

 

This study addresses this gap by exploring the question: “How do Nigerian digital product 

managers perceive and adopt AI in their work processes?” In doing so, it investigates not only 

how AI is used but also how it is understood, valued, and negotiated by those responsible for 

building digital products. By focusing on a critical yet overlooked stakeholder group within an 

emerging tech ecosystem, this research contributes to broader debates on responsible AI, human-

centred innovation, and the socio-technical dynamics of digital transformation. 
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2 Literature Review 

In this section, I will introduce the underlying concepts of this study: Product management, AI 

adoption, the Nigerian Tech Industry and the Unified Theory of Acceptance and Use of Technology 

(UTAUT) framework. These concepts will help in addressing the research question.  

2.1 Product Management 
 

Product management originated at Procter & Gamble in the 1930s with a Brand Management 

System, where “brand men” oversaw products from inception to market (Aimé et al., 2018). During 

the 1950s and 1960s, this approach evolved into a more integrated model as companies centralised 

functions, combining research, development, finance, production, and marketing to achieve 

profitability (Wood & Tandon, 1994). 

 

As technology advanced, the role of product management shifted from mere operational 

coordination to a strategic, cross-functional discipline. Modern interpretations position product 

managers as vital bridges between business and engineering teams (Olsson & Bosch, 2025) with a 

focus on strategic marketing and development, which was highlighted by Maglyas et al. (2011). 

Complementing this view, Koufteros and Marcoulides (2006) states that a product manager’s 

adeptness at leveraging technology directly contributes to improved product innovation and quality. 

  

Given the diverse organisational contexts in which product managers operate, this thesis examines 

digital product managers in technology-driven companies. These professionals are responsible for 

identifying market trends and developing product features, which are delivered through digital 

platforms such as mobile apps, web apps, and desktop applications. This often requires them to 

blend technical expertise with strategic vision to harness emerging technologies and meet dynamic 

market demands. 

2.2 AI Adoption 

The adoption of artificial intelligence (AI) extends beyond technological implementation; it is a 

socio-technical process that involves the co-evolution of human and technical systems. Grounded 

in Appelbaum & Mumford’s socio-technical systems theory (Appelbaum, 1997; Mumford, 2000), 

this study argues that effective AI integration requires simultaneous alignment between technical 

subsystems (infrastructure, data quality, and algorithmic performance) and social subsystems (user 

trust, organisational culture, and employee skillsets).  

 

Central to the discussion is the debate over whether AI should primarily serve to augment human 

labour or automate tasks entirely. Scholars such as Wilson and Miller (Miller, 2018; Wilson, 2018) 

argue that AI’s true strength lies in its capacity to complement human abilities. They contend that 

while AI can efficiently handle repetitive tasks, human judgment remains indispensable in domains 

such as strategic thinking, creativity, and empathy. This perspective resonates strongly within 

product management, a field where human-centred decision-making is paramount. Olsson and 

Bosch (2025) propose a layered model of collaboration involving a human layer, a data layer, and 

an AI layer that supports the idea of AI as an extension of, rather than a replacement for, human 

capabilities. 
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Despite these promising aspects, several challenges hinder AI adoption. Concerns about job 

displacement persist, with Tambe et al. (2019) warning of AI’s disruptive impact on routine roles. 

However, such warnings sometimes overlook how workers adapt technology to fit local needs. In 

Nigeria, for example, Egbulem et al. (2024) illustrate that users often reinterpret AI’s role in a 

manner that reflects their unique infrastructural and cultural conditions, thereby mitigating some 

displacement fears. 

 

Another prominent challenge is system opacity. Many users struggle to understand or trace how AI 

systems arrive at decisions (Araujo et al., 2020). This challenge is compounded in contexts where 

AI tools are predominantly trained on Western datasets, leading to cultural mismatches and reduced 

trust (Mohammed & Shehu, 2023). These issues undermine user confidence and hinder the broader 

acceptance of AI. 

 

Beyond technical and cultural obstacles, readiness in both individuals and organisations is crucial. 

Duan et al. (2019) argue that mere technological capability cannot drive AI-related innovation; 

rather, it is the organisational and psychological readiness to embrace essential change. For 

example, structured training programs that build up digital literacy and encourage experimentation 

are needed to bridge the gap between AI’s potential and its practical application. In product 

management, Ogundipe et al. (2024) observe that AI tools have transformed the ideation process 

by speeding up market analysis and insight gathering. Yet, they emphasise that the effective use of 

these tools rests on the critical ability of product managers to evaluate AI outputs through the lens 

of their own expertise and domain knowledge. 

 

Social and organisational dynamics further shape AI adoption. Andrews et al. (2021) found that 

strong peer support and institutional encouragement significantly influence professionals’ 

willingness to engage with new technologies, reflecting the importance of social influence and 

facilitating conditions as articulated in the Unified Theory of Acceptance and Use of Technology 

(Venkatesh et al., 2003). Blut et al. (2022) reinforce this view in their meta-analysis, which confirms 

the robustness of UTAUT in explaining technology adoption across various contexts, including 

emerging markets. 

 

AI adoption is not solely about deploying sophisticated technological systems. It is a socio-cultural 

transformation that requires careful alignment with user values, competencies, and contextual 

realities. In product management and particularly within settings like Nigeria, where unique cultural 

and infrastructural challenges exist, successful AI integration depends on a collaborative, context-

sensitive approach. Such an approach must address technical readiness and mitigate challenges 

related to opacity and job displacement. 

 

2.3 Nigerian Tech Industry 

The Nigerian tech industry has emerged as a dominant force in Africa's digital economy, 

contributing significantly to the continent's tech ecosystem alongside Kenya, South Africa, and 

Egypt. Nigeria’s growth as a key player is driven by the rapid adoption of technology across various 

sectors and the large influx of investments in digital enterprises. The introduction of technology 

into the financial industry in the country is an example. Among the key drivers of this growth is the 

fintech sector, which has revolutionised access to financial services for Nigerians, including the 
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unbanked population. The work of companies like Flutterwave, Paystack, Kuda, and Piggyvest has 

made it possible for Nigerians to access banking services such as loans, investments, and bill 

payments seamlessly, even without a traditional bank account, as highlighted by Ebuka Ezenwafor 

et al. (2022). The 2023 report by the International Monetary Fund (IMF) recognises Nigeria as a 

critical hub for fintech innovation in Africa as it has attracted more than 1 billion US dollars in 

investment as of 2018 (Wezel & Ree, 2023).  

 

Fintech’s success is just one example of how technology transforms Nigeria’s industries and drives 

economic growth. Integrating AI into the Nigerian tech ecosystem has enhanced operational 

efficiency across various sectors. In Fintech, companies are implementing AI to enhance security 

measures, create customised financial products, and automate customer assistance functions 

(Madueme et al., 2024). In the healthcare sector, businesses are applying AI technology for 

diagnostic purposes and health solutions based on data analysis (Madueme et al., 2024). 

Agricultural technology platforms are also utilising AI capabilities to track better crop development, 

forecast harvests, and tackle various challenges within food production systems (Okonkwo et al., 

2024). AI-driven systems have notably improved identity verification, which is essential in 

accessing financial services, securing employment, and other vital services. Due to limited data 

availability, the traditional methods for validating identities in Nigeria were often labour-intensive 

and unreliable. AI-powered platforms like VerifyMe and SmileID have dramatically transformed 

this process by enabling faster, more secure, and more reliable identity authentication (Source: 

BusinessDay NG, 2022). This development accelerates service delivery and increases trust in digital 

platforms, further propelling Nigeria’s digital economy forward. 

  

However, despite technology's promising growth and positive impacts, Nigeria still faces 

challenges. Issues like the digital divide and digital illiteracy, as noted by Egbulem et al. (2024) 

remain significant barriers to fully leveraging the potential of technology. The country’s rural-urban 

divide, in particular, limits access to digital infrastructure and knowledge, impeding some Nigerians 

from benefiting fully from technological advancements. To tackle these challenges and harness the 

full potential of technology, including AI, cooperation among all stakeholders, the government, the 

private sector, and citizens, is essential. Egbulem et al. (2024)  advocate for strategic investments, 

policy support, and a collaborative effort to bridge the digital gap and unlock technology’s 

transformative power for Nigeria’s development. 

 

A critical area for exploration is how AI is being adopted within the tech industry by professionals, 

particularly product managers. The degree to which AI tools are integrated into product 

management processes will reveal insights into how well Nigeria is positioned to advance its tech 

ecosystem further. By understanding the perspectives of product managers and their adoption of 

AI, we can assess how AI can be leveraged to drive even more significant advancements in 

Nigeria’s tech landscape, promoting sustained growth and innovation in the sector. 

 

2.4 Unified Theory of Acceptance and Use of Technology 

Technology adoption and acceptance have been widely studied in Information Systems (IS) 

research. The Unified Theory of Acceptance and Use of Technology (UTAUT) model, developed 

by Venkatesh et al. (2003), explains users' intention to use Information Technology (IT) and 

subsequent usage behaviour using the constructs as shown in Figure 1. Given its focus on 
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technology adoption, I found UTAUT a suitable framework for examining digital product 

managers' intention to use AI and their actual usage behaviour. 

 

Figure 1. UTAUT as developed by Venkatesh et al. (2003) 

To create the theory, the authors conducted longitudinal studies at different organisations among 

people who have been introduced to a new technology. They used a pretested questionnaire that 

measures constructs from the existing eight models and theories on a user’s intention to accept or 

use IT. The theories include the Technology Acceptance Model (TAM), Theory of Reasoned 

Action, Motivational Model, Innovation Diffusion Theory, Model of PC Utilisation, Social 

Cognitive Theory, Theory of Planned Behaviour (TPB) and Combined TAM & TPB. After their 

studies, they discovered that only four constructs significantly determine a user’s acceptance and 

usage behaviour: Performance Expectancy, Effort Expectancy, Social Influence and Facilitating 

Conditions. The constructs are defined as follows: 

• Performance Expectancy refers to how an individual perceives that utilising a system will enhance 

their job performance. 

• Effort Expectancy refers to an individual's perception of how easy it is to use a system. 

• Social Influence refers to the extent to which an individual feels that important others expect or 

encourage them to adopt and use a new system. 

• Facilitating Conditions refer to an individual's perception of the availability of organisational and 

technical resources that support the effective use of a system. 

 

According to the authors, four key variables, gender, age, experience, and voluntariness of use, 

influence how these constructs (performance expectancy, effort expectancy, social influence, and 

facilitating conditions) impact an individual's behavioural intention and system usage. These 

variables act as moderators, meaning they alter the strength or direction of the relationships between 

the constructs and behavioural outcomes. 
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UTAUT has been used to understand technology adoption, including AI adoption, in different 

contexts. Goncalves et al., (2018) used UTAUT as the base theory to understand the digital divide 

with information and communication technologies in Angola. Andrews et al., (2021) found it very 

useful for exploring librarians' attitudes toward adopting and using AI and encouraged other 

researchers exploring technology adoption to use the method. Similarly, Rana et al., (2024) explored 

the factors that influence academic users' behavioural intention to adopt AI. A meta-analysis by 

Blut et al. (2022), which included more than 700,000 users from almost 2,000 independent samples, 

has shown that, although UTAUT may be slightly less robust than often expected, it is arguably the 

most comprehensive lens to shed light on technology adoption and use (Venkatesh et al., 2024).   

3 Method 

3.1 Literature review 

I followed Webster and Watson’s (Webster & Watson, 2002) approach to a literature review which 

emphasises identifying key concepts and frameworks to deepen the understanding of prior research 

in the field. This process allowed me to build a relevant knowledge foundation and identify literature 

gaps. I used Google Scholar, Scopus, and Science Direct as my leading journals. I also searched 

within African and Social sciences journals to ensure a broader scope and relevance to the research 

context. My search keywords, which were used in different combinations, were “AI adoption”, “AI 

and product management”, “Perceptions of AI”, “Human-AI collaboration”, “Nigerian Tech 

industry”, “Product management”, and “UTAUT”. In addition to the initial search, I also used the 

forward and backward search methods. This involved reviewing the reference lists of relevant 

articles (backward search) and tracking more recent studies that cited the foundational papers 

(forward search). This approach helped uncover additional studies closely related to the research 

topic, but may not have appeared in the primary search results. 

3.2 Method Approach 

 

This study adopted a qualitative exploratory research approach, which is well-suited for 

understanding issues or situations by using interviews to explore people's perspectives and 

behaviours within their natural contexts (Goldkuhl, 2019). Using the interview method allowed me 

to ask stimulating questions, enabling participants to reflect on their behaviour and provide insights 

into the investigated problem (Goldkuhl, 2019). The interview approach was semi-structured, which 

means the interview guide was flexible enough to allow participants to provide more information 

about specific areas that I considered interesting to the research question. It also enabled me to 

capture their emotions as they expressed their thoughts, providing a deeper meaning to some 

responses. Online surveys and questionnaires would not have given me this exposure, as the 

answers would have been strictly according to the questionnaire. The interview guide was prepared 

using the Unified Theory of Acceptance and Use of Technology Model (2003) (Figure 1). The 

interview guide is presented in Appendix 1. 

 

Selection of Participants 

A purposive sampling method was used to select participants. This method is better suited for this 

study as it enables me to choose participants that will better match the study’s aim, thus improving 
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the study’s rigour (Campbell et al., 2020). The target group for this interview were product 

managers who live in Nigeria and develop products accessible via digital platforms, i.e., web apps, 

mobile apps or desktop apps. The participants selected have worked as product managers within 

the period from 2023 to the present. This ensured that they were well aware of AI tools in the 

marketplace since AI tools gained rapid spread in 2023. The participants were also asked to confirm 

that they use AI tools to carry out their product management tasks before being interviewed. I 

recruited participants by sending messages to personal contacts who worked as product managers, 

LinkedIn and Slack product communities. A total of 13 product managers were interviewed, which 

fits into Saunders et al.'s (Saunders et al., 2019) recommendation that 5 to 25 participants should be 

the minimum sample size for semi-structured interviews. I also stopped at 13 product managers 

when I noticed that the responses were becoming similar (Merriam & Tisdell, 2017). Table 1 below 

presents an overview of the participants' characteristics who were interviewed.  

 
Participant ID Age 

(years) 

Gender Industry Product 

Management 

Experience (years) 

Interview 

Duration 

(minutes) 

P1 30 Male Fintech 5 35 

P2 40 Male Fintech 7 70 

P3 27 Male Fintech 4 55 

P4 33 Male Ecommerce 10 60 

P5 25 Female Telecomms 2 56 

P6 38 Female Banking 6 53 

P7 29 Male Fintech 5 62 

P8 35 Female IT Consulting 1 63 

P9 32 Male Fintech 9 50 

P10 30 Female Fintech 5 42 

P11 34 Male Banking 7 59 

P12 30 Male IT Consulting 5 65 

P13 24 Female Edtech 1 47 

Table 1. Participants overview 

Interview Procedure 

The interview guide was prepared based on the four constructs in the UTAUT model: Performance 

expectancy, Effort expectancy, Social influence and Facilitating conditions. Each construct had at 

least one question, depending on the participant’s response to previous questions. All interviews 

were conducted online via Zoom’s telecommunication system since, at the time of the interview, I 

was in Sweden while the participants were in Nigeria. The interviews were conducted in English. 

Before the interview: A pilot interview was done with one participant who fit into the criteria to 

ascertain the accuracy of the questions and ensure that participants understood them. A few 

adjustments were made to the interview questions after the pilot interview. Subsequently, I 

contacted the participants via direct messages (DM) on WhatsApp, Slack or LinkedIn. I described 

the study along with the participants' criteria, and if they were interested, we scheduled a convenient 

time and date for the interview. I sent out an invitation to the participants' email addresses, which 

they provided. 

During the interview, I started each interview by preparing a comfortable environment for the 

participants, where I explained the background and objective of my thesis conversationally. The 

participants were assured of confidentiality of information, freedom not to respond to any question 

and anonymisation of their data. Thereafter, participants consented to be recorded, interviewed and 
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transcribed. The interview length was about 30-60 minutes, with a mean time of 55 minutes. In 

total, all interviews took 11.95 hours. 

After the interview, I thanked the participants for their time and allowed them to ask questions or 

comment further. They were also informed on how to contact me. After the interviews, I used 

Microsoft Word online for the initial transcription, after which I made edits when I listened to the 

interview again. 

3.3 Data Analysis 

I used inductive thematic analysis to identify and report themes within my dataset. This method 

focused on searching for recurring patterns and themes without trying to fit them into existing 

themes (Braun & Clarke, 2006). The analysis was done and documented on Miro, an online 

whiteboarding platform that helps people brainstorm, plan, and visualise ideas in a flexible digital 

space. 

 

Braun & Clarke (2006) outlined six phases of analysis, which I adapted for the inductive thematic 

analysis. This allowed themes to emerge from the data itself rather than being pre-determined.  

 

Phase 1: Familiarising with your data 

During the interviews, I made notes in my book while the interview was ongoing, where I wrote 

down insights that I got from the participant (Merriam & Tisdell, 2017). After the interviews, I did 

an initial transcription using Microsoft Word online. Then, I re-listened to the interview and made 

adjustments to the transcripts. 

 

Phase 2: Generating Initial Codes 

Once the transcription was completed, I conducted a close reading of the interview transcripts. 

During this process, I highlighted meaningful or notable segments of text as preliminary codes. 

These coded excerpts were transferred to Miro using digital Post-it notes for visual organisation. 

To preserve participant anonymity, each participant was assigned a unique identifier (e.g., P1, P2, 

etc.). Additionally, I used distinct colours to visually differentiate participants on Miro, for example, 

P1 was represented in yellow, while P6 was represented in violet. 

 

Phase 3: Searching for themes 

After generating initial codes, I began organising them into broader categories based on similarities 

and co-occurrence in relation to the research question. At this stage, I actively searched for patterns 

or shared meanings across participants’ experiences. Figure 2 shows the categorisation of codes for 

the AI-Assisted tasks sub-theme. After grouping codes into sub-themes, I examined the 

relationships between them and grouped sub-themes with similar interpretations together. 

 

Phase 4: Reviewing themes 

In this phase, I reviewed the sub-themes to ensure they were grounded in sufficient and relevant 

data. I examined whether the themes accurately reflected the underlying patterns in participants' 

responses and whether they aligned with the research question. To strengthen the conceptual 

relevance of the themes, I reflected on three guiding questions: “How is AI being adopted?” “Why 

are product managers adopting it?” “What do they think of AI?” These reflective prompts helped 

me assess the thematic structure against the UTAUT model’s core constructs. Based on this 

analysis, I revised and reorganised the themes and sub-themes to better align with the UTAUT 
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framework, thereby ensuring that the final thematic structure both represented the data and 

supported theory-driven insights. 

 

Figure 2. Mapping codes into categories 

Phase 5: Defining and naming the themes 

I reviewed each theme to ensure it provided meaningful insights into the research topic. Theme 

names were chosen to reflect descriptive clarity, ensuring they communicated the significance of 

the findings to the reader. 

 

Phase 6: Producing the report 

The final phase involved putting together the empirical findings. I developed a detailed report that 

synthesised the themes and supported them with quotations from the interview transcripts. These 

quotations served to ground the analysis in the participants’ own words and strengthened the 

credibility of the findings. 

3.4 Ethical Considerations 

Since I conducted my interviews with human subjects, I followed the ethical considerations 

provided by Arifin (Arifin & Siti, 2018): 

 

Informed Consent and Voluntary Participation: I ensured that participants were given adequate 

information about the research, including but not limited to the background, the objectives and the 

research question. They were informed of their right to continue or stop the interview at any time. 

Verbal recorded consent was also obtained from the participants. 

 

Anonymity and Confidentiality: Participants' names and identities were protected, and instead, 

codes were used to represent them during the process of transcribing, coding and analysis.  
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Comfortable environment: The interview was conducted individually via Zoom, allowing the 

participants to choose how to organise their space during the interview. Participants who preferred 

to turn off their videos were allowed to do so. I held all interviews in a quiet room, and no one could 

match the identity of the participants with the voice recordings. I transcribed the recordings in a 

quiet room using a headset. 

4 Empirical Findings  
 

The studies from the interview data collected from participants show that Nigerian product 

managers have a pragmatic perception of AI, and they have adopted it as an essential colleague at 

work. There is a firm understanding that product management is knowledge work which requires 

human creativity; hence, AI is a very useful tool that aids the production of knowledge needed for 

creative work. However, different factors influence their perception and adoption behaviours, which 

mirrors some concerns in the broader discussion of technology diffusion in the work environment.  

 

The patterns were categorised into themes and subcategories, and relationships were identified that 

relate the themes together as shown in Figure 3 below. Figure 3 presents a conceptual mapping of 

the thematic relationships that emerged from the data. It illustrates how the themes: Drivers of 

Adoption, Human-AI Partnership, and User Agency, interact to shape participants’ AI adoption 

experiences. Specifically, the Drivers of Adoption guide the development of User Agency. In turn, 

the Human-AI Partnership both determines and is influenced by the level of agency users develop. 

This diagram reflects how participants’ perceptions and practices are shaped by a dynamic interplay 

of individual, social, and task-based factors. 

 

 

Figure 3. How Nigerian Product Managers Perceive and Adopt AI in their work process 



 12 

4.1 Human-AI partnership 

The study revealed that participants are establishing a working partnership with Artificial 

Intelligence tools, primarily Generative AI tools. These collaborative patterns strongly align with 

the Performance Expectancy construct when examined through the Unified Theory of Acceptance 

and Use of Technology (UTAUT). ChatGPT and Claude were the most frequently mentioned tools 

with clear expectations about performance in specific task domains. This partnership highlighted a 

dynamic division of labour, with participants clearly distinguishing between tasks suitable for AI 

assistance and those requiring exclusively human judgment. 

 

4.1.1  AI-assisted tasks 

A key finding of this study is the strategic integration of generative AI tools throughout product 

managers' work processes. Performance expectations like improved efficiency and comprehensive 

output drove the integration. Rather than following a linear or standardised implementation pattern, 

participants applied these tools contextually across three primary domains: Research, 

Documentation and Prototyping. 

 

Research 

Participants demonstrated different approaches to incorporating AI into their research workflow. 

While some participants stated that they used it to kick-start their research process (P7 & P8), others 

said they used it to expand their research, which they had started on their own (P3 & P5). 

“You can’t necessarily know everything. Sometimes, you need to find out what the best practices are 

or what the nearest trends are, so I use AI to help with it.”- P7 

“We use the AI to at least start the research so that you're not stuck.”- P8 

“I ask it for maybe research information about a feature that I am building”-P3 

“ChatGPT tries to cover the edge cases you wouldn't even think exist.”- P5 

This flexibility shows that product managers integrate AI by aligning with their working style, 

meaning that some product managers want to use AI to kickstart their task, while others want to use 

it during their task. 

  

Documentation 

A similar pattern was also observed in the Documentation task. Some participants stated that they 

used generative AI to generate initial drafts of user stories, acceptance criteria or the entire product 

requirement document (PRD) (P3 & P10). In contrast, others like P5 & P11 used generative AI as 

a finishing touch to expand their existing document. 

“maybe write stories or acceptance criteria or help me draft this thing or write PRD.”-P3 

“It’s document writing. I have the prompt, and then it writes the document”-P10 

“I do my documentation and ask it to brush up for me” -P5 

“When I'm writing reports, I use ChatGPT. If I'm writing documentation, I use ChatGPT.  ”-P11 

This suggests that AI serves generative and editorial functions in documentation. It not only helps 

initiate content creation but also enhances clarity, structure, and overall quality in the final outputs. 
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Prototyping 

While prototyping might not be a core product manager’s task, it was interesting to hear product 

managers mention using generative AI to prototype an idea or a feature they were considering. 

Participant 8, who has about a year of experience in product management, used a combination of 

AI tools to participate in a hackathon that involved prototyping. This made her one of the winners 

of that hackathon. Similarly, Participant 11 highlighted a scenario where AI could generate a 

prototype of an idea without making developers write code for an unvalidated idea. 

“AI was very helpful in that hackathon because I was able to validate the idea, I built things from 

scratch using AI tools, a combination of AI tools”-P8 

“you have an idea, you have a product idea or a feature idea and you are thinking how it's going to 

look, how it's going to behave and maybe you just want to test it instead of coding it out; you can give 

that prompt.”-P11 

This expansion into prototyping suggests that AI tools may be broadening the scope of product 

managers' technical capabilities. By enabling quick visualisations or mock-ups of ideas without 

requiring extensive coding knowledge, AI allows product managers to experiment, validate 

concepts, and communicate their vision more effectively with stakeholders. 

4.1.2 Human-Centric capabilities 

While participants readily integrated AI tools into the above-listed domains of their workflow, they 

clearly created boundaries around tasks that they perceived as fundamentally human-centric. 

Through the lens of Performance Expectancy from the UTAUT model, participants expressed 

significantly lower expectations for AI performance in these domains, often citing the irreplaceable 

value of human capabilities. Four tasks emerged as distinctly human-centric: Communication, 

Strategic Decision-Making, Local Context, and Empathy. 

 

Communication 

Participants emphasised that communication with stakeholders, team members, and customers 

remains human territory. The interpersonal dynamics of communication were viewed as beyond 

AI's capabilities, with participants explicitly reserving these interactions for themselves. Participant 

7 stated that his organisation actively encouraged them not to use AI in communication to ensure 

they could connect with colleagues and customers.  

“AI cannot obviously communicate with stakeholders.” -P1 

“AI cannot speak to customers. AI will only get you information based on what it has seen all over the 

web, so that you can have that as a guide for yourself, but you still need to speak to your customers, 

and AI will not do that for you.”-P2 

 

Strategic decision-making 

Participants identified ideation, strategy formulation, and core decision-making as functions 

requiring human judgment and creativity. Many expressed concern that delegating these aspects of 

product management to an AI tool would compromise the authenticity and originality of their work. 

While they acknowledged that data-driven insights from the AI tool were very helpful in making 

decisions, they agreed that the final strategic decision-making must be done by themselves. 

“Even though the AI has given you the idea, you still have to screen it to know if it is something worth 

doing.” -P10 
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“The AI can help you and give you some direction based on data that's on the web and all that stuff, 

but at the end of the day, your strategy is your strategy” -P2 

This highlights a remarkably low-performance expectation from the AI tools in strategic 

capabilities. 

 

Local context 
Participants with at least four years of experience in product management highlighted the 

importance of local context, regulatory environment and domain-specific knowledge. They 

perceived that AI had limited knowledge about context, especially concerning the Nigerian market 

or specific industries like the fintech industry, due to the changes in the market information driven 

by regulatory changes. They also highlighted that some changes could come up, but the AI tool 

would not have updated since its knowledge bank is not real-time. 

“It doesn't give you local context. So in as much as AI knows a lot of things, it doesn't know exactly 

what you're going through” -P1 

“AI doesn’t have the context of what the regulation is” -P9 

This shows that local context understanding is very important and requires human expertise and 

lived experience that AI tools cannot replicate. 

 
Empathy 

Many participants explicitly mentioned the importance of empathy, emotional intelligence, and the 

human touch in product management. They expressed scepticism about AI's ability to replicate 

these qualities, which they considered essential to effective product leadership. 

“So most times I sit down, and I make sure if there are words like that I have to take them out and give 

it that human touch.” -P5 

“AI cannot express empathy with team members.” -P13 

This represents a clear boundary in performance expectations, with participants viewing emotional 

intelligence as outside the realm of AI capabilities. 

 

The findings indicate that product managers are developing a division of labour approach between 

themselves and AI tools. Interestingly, many participants expressed a deliberate commitment to 

maintaining their cognitive abilities by intentionally limiting their reliance on AI. While they 

recognise AI's utility in enhancing performance in specific domains, they maintain clear boundaries 

around tasks they consider inherently human. This balanced approach suggests that successful AI 

integration in product management requires thoughtful consideration of augmentation opportunities 

and human expertise preservation. 

 

4.2 Drivers of Adoption 

Using the UTUAT model to identify Social Influence and Facilitating Conditions constructs, the 

study identified two drivers influencing Product managers' adoption of AI in their work process. 

These drivers are Social Influence and Information Power. 
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4.2.1 Social influence 

Most participants stated that their decision to adopt AI in their workflow was influenced by their 

bosses, colleagues at work, school and the media. 

 

Influence of the Boss 

It was interesting to note that participants who worked in smaller organisations stated that their 

bosses encouraged them to use AI in their workflow (P1 & P8). This was not the case for 

participants who worked in bigger organisations. Instead, participants who worked in bigger 

organisations stated that their bosses were organising an AI team to drive the adoption (P2). 

“My boss says that we must use AI tools in everything that we do.”- P8 

“It was introduced to me by my boss at the time, and then it worked like magic.” -P1 

“There's already a team, a data team, that's championing artificial intelligence across the organisation” 

-P2 

Influence by Colleagues 

Some participants became aware of Chatgpt during conversations or tasks with their colleagues. 

The colleagues, aware of the capabilities of generative AI, felt that generative AI could help them 

in the task better.  

“The guy just responded to me asking if I heard about Chatgpt, and that all these questions I am seeking 

can be answered by Chatgpt. So I said, What the hell is Chatgpt?” -P2 

“I was talking to my colleague, and he was like, “Go ask Chatgpt; it would help you out with 

everything.” -P6 

Influence by School 

Three participants who had recently completed product management training within the last two 

years stated that they were encouraged to use AI in their work process at school. Similarly, two 

participants enrolled in a Master's program at different schools had their first encounter with AI 

because of school assignments. Participants noted that since it was effective at school activities, 

they naturally transferred it to their official work assignments. 

“When I was in product school, it was something they were singing in our ears, like, hey, adopt AI as 

much as you can” -P5 

“The first time I used it was for school work, like an assignment” -P7 

Influence of Media 

Participants were also motivated to adopt AI because they saw someone else, who was not 

necessarily within their circle, talk about using it. 

“I was too tired to start writing anything. I saw online that someone proved on LinkedIn that AI helped 

him to develop his PRD, and immediately I signed up.”- P4 

“Everybody was saying one of the things about it, and I was like, let me try it out”-P12 

The findings of Social Influence extended beyond simple recommendations to include more 

deliberate knowledge sharing and normative pressure, indicating that AI adoption among product 

managers is becoming socially reinforced within professional communities. 
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4.2.2 Information power 

The findings revealed that a significant driver influencing Nigerian product managers' adoption of 

AI tools is the desire to gain Information Power. Information Power encompasses the ability to 

gather market intelligence, understand customer needs, and disseminate this information effectively 

within the organization (Wood & Tandon, 1994).  

 

This subcategory reflects participants' emphasis on AI's capacity to enhance their access to and 

utilisation of information, ultimately increasing their effectiveness within their roles. In the context 

of facilitating conditions, the product manager perceives AI's availability as a tool to provide the 

necessary informational resources and support for them to excel. The information power provided 

by AI tools translates to Productivity Support and Capacity Expansion for them. 

 

Productivity support 

When compared to how their productivity was before the advent of AI, Many participants 

mentioned that AI tools helped them increase productivity and achieve their work goals. 

“I think it has really enhanced my productivity to be honest.” -P6 

“I also use Chatgpt for my product development work to help in my productivity.” -P2 

“I use AI and I really achieve my goal.” -P8 

 

Many participants expressed joy at the ability to complete tasks quickly due to the use of AI tools. 

Participant 10 recalled the nickname “performer” that she had been given at her organisation 

because she delivered her work very quickly. 

“It's been easing the rate at which I deliver my work.” -P12 

“It's helping me achieve my KPI on time, I am not delaying in whatever tasks that I've been given.”-

P10 

“At the blink of my eye, I could just get the answers I needed.” -P13 

 

Capacity expansion 

Interestingly, several participants noted that AI adoption has enabled them to expand their 

professional capacity, giving them more time to take on multiple roles. The ability to take on 

multiple roles increases their economic power. 

“It is an era of ease. I have 6700 emails, and I have multiple jobs, I want to be able to maximise my 

time” -P12 

“Most times these days, a lot of us take on multiple roles to work on.” -P12 

The information power derived from AI tools creates a cycle of adoption, where initial productivity 

gains lead to expanded capacity, reinforcing the perceived value of continued AI integration. 

 

4.3 User agency (a new construct) 

A surprising finding was discovered when participants expressed a desire to influence how the AI 

tool responds to them. This finding is not fully captured in the existing UTAUT model but 
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contributes to the factors influencing the user’s technology adoption. The ability of PMs to adjust 

the response given, adjust the AI to use their own tone, and decide the limitations of their usage is 

an important factor they consider when adopting AI. The finding can be represented as a 3-stage 

progression in how product managers build agency with AI to ensure it yields their preferred 

response. Participants also inferred that their preference for Generative AI over specialised AI-

product management tools was because of this agency's ability.  

 

The three stages illustrated in Figure 4, Learning Curve, Intentional Shaping, and User-Driven 

Stylization, represent a progressive pathway of AI adoption and user agency. This progression 

reflects how individuals evolve from early-stage experimentation to advanced, personalised 

engagement with AI tools. 

 

Figure 4 builds on Shneiderman’s (2020) Human-Centred AI framework, which conceptualises the 

spectrum between human control and computer automation. However, this model extends that 

foundation by explicitly visualizing the co-evolution of AI adoption and user agency when both 

humans and AI systems interact iteratively. 

 
 

Figure 4. Progression of AI adoption through User Agency: Humans and AI 

 

Stage 1: Learning Curve 

After participants were introduced to AI tools, they experienced this stage where their focus was to 

understand the capabilities and limitations of the tool. Some of them expressed initial 

dissatisfaction, which made them lean closer to learning it, while others expressed high enthusiasm 

for its potential, leading them to learn how to use it to get the desired result.  
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This stage involved key activities like experimentation, observation and comparative evaluation. 

For example, for Participant 13, there was an active comparison between their own output and the 

AI tool’s output. For Participant 8, she expressed frustration at her first encounters with the AI tool, 

and it took her a series of experimentation with the tool to understand it. 

 

“I've noticed with certain GPTS, if you ask, the answers they give, I'm like, this is not what I am asking 

for. I can't tell if it was the prompt that was the issue or if it was the model that was not smart” -P8 

“Most times before I give it any tasks to do, I will ensure that I do it on my own” -P13 

“How to prompt your Chatgpt to do exactly what I want. That was the difficulty I used to have” -P5 

These statements highlight an initial exploration phase, caution, and their intentionality to establish 

a working relationship with AI tools. 

 

Stage 2: Intentional Shaping 
As product managers get past the familiarisation stage, they move towards intentionally shaping AI 

to elicit desired responses and shape the AI’s behaviour. In this stage, they are more deliberate and 

strategic in feeding the AI tool with contextual information to improve the output (P11), become 

explicit and precise in their instructions and give the AI tool feedback on responses where needed 

(P3), and develop prompting techniques for different needs (P12). 

“I've kind of devised some promptings on those generative AI to let it tailor whatever responses I 

need.” -P12 

“One thing I've seen with AI models, especially from helping out with like product-related documents, 

is you have to explicitly tell them exactly what you want” -P3 

“It has a lot of context and I fed it with a lot of information over the different things that I do.” -P5 

 

In this stage, product managers actively shape AI's behaviour to align with their specific needs and 

preferences. 

 

Stage 3: User-Driven Stylization 

The final stage of adoption is marked by the ability to generate AI content that reflects the product 

manager's individual style and preferences. They have trained AI tools to match their personal tone 

and style (P12), making the AI tools achieve outputs that appear to be the product managers' work 

(P7).  

“It would actually give me an answer, the way I write. when you see it, you probably think I  sat down 

and wrote this” -P7 

“I've kind of structured it especially Chatgpt to give it my own tone” -P12 

This progression demonstrates why generative AI might be preferred over built-in tools, as it offers 

the flexibility to be shaped to individual working styles through this agency-building process. 

 

This construct extends the UTAUT model by showing how user agency influences adoption beyond 

the traditional factors. When users adopt AI tools, they ask the question: “Can I effectively influence 

the AI's output so that it performs the task in my style, but in a more effective way?”. 

The user agency construct recognises something distinct: the user's desire to shape the technology 

rather than merely use it as designed. 
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5 Discussion and Implications 
This study set out to explore the perceptions and adoption of Artificial Intelligence (AI) among 

Nigerian digital product managers, addressing the research question: “How do Nigerian digital 

product managers perceive and adopt AI in their work processes?”. Through qualitative interviews 

with 13 product managers operating within Nigeria's tech industry, several key findings emerged. 

In this chapter, I discuss these findings, relating them to the UTAUT model and existing literature. 

I also elaborate on the theoretical and practical implications of the findings. 

5.1 Discussion on Key Findings 

5.1.1 Human-AI partnership: a pragmatic approach 

The strategic integration of AI into research, documentation, prototyping, and decision-making 

tasks directly reflects participants' positive performance expectations in these areas. When 

participants state that AI "has helped with decision making" (P1) or that it helps them "take data-

driven decisions, analyse customer behaviour and patterns" (P4), they are expressing high 

performance expectancy for these specific applications. This aligns with Venkatesh's definition of 

performance expectancy as the degree to which individuals believe that using a system will help 

them attain gains in job performance. 

 

In addition, the findings reveal that Nigerian product managers have established a working 

partnership with AI tools that reflects a sophisticated understanding of the socio-technical nature of 

technology adoption. This balance is particularly evident in how participants strategically integrate 

AI across research, documentation, prototyping, and decision-making tasks while reserving 

distinctly human domains.  

 

When participants state that "AI cannot speak to customers" (P2) or that "your strategy is your 

strategy" (P2), they are articulating boundaries that preserve what Ogundipe et al. (2024) describe 

as the critical ability of product managers to evaluate AI outputs through their own expertise and 

domain knowledge. These boundaries demonstrate the practical application of Olsson and Bosch's 

(2025) layered collaboration model where AI extends rather than replaces human capabilities. 

 

In contrast, the clear boundaries established around human-centric capabilities like communication, 

strategic ideation, local context understanding, and empathy reflect lower performance expectancy 

in these domains. Statements like "AI cannot obviously communicate with stakeholders" (P1) and 

"AI cannot express empathy with team members" (P13) illustrate how performance expectancy 

varies across task types, creating a nuanced division of labour that aligns with Wilson (2018) and 

Miller's (2018) argument that AI should augment rather than automate human labour. 

 

This variable performance expectancy across task types demonstrates what Appelbaum (1997) and 

Mumford (2000) describe as the socio-technical balance necessary for effective technology 

integration. Product managers intuitively align technical subsystems (AI capabilities) with social 

subsystems (human judgment and interpersonal dynamics) based on their performance expectations 

in each domain. It also highlights that AI does not hinder creativity when working, but instead has 

unlocked another level of creativity. It is a different level of creativity to define tasks that AI can 

do and which humans should do.  
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Effort Expectancy, which is the degree of ease associated with system use, emerged as a critical 

factor influencing AI adoption. However, the identification of local barriers, such as limited 

expertise and data availability, illuminates how contextual factors impact effort expectancy. These 

barriers align with what Uren and Edwards (2023) identify as the interwoven relationship between 

technical prerequisites and an organisation's capacity to manage and interpret AI-generated insights. 

 

Participants' recommendations for national training initiatives and embedding AI education within 

product management curricula represent strategic responses to effort expectancy challenges. These 

recommendations reflect Duan et al.'s (2019) emphasis on organisational and psychological 

readiness as prerequisites for successful AI adoption. By calling for structured training programs 

that build digital literacy and encourage experimentation, participants acknowledge that improving 

effort expectancy through education is essential for maximising AI's benefits. 

 

Nigerian product managers' recognition that AI lacks knowledge about local regulatory 

environments and market dynamics exemplifies how contextual factors shape technology adoption 

patterns. This is particularly important considering Mohammed & Shehu's (2023) warning about 

cultural mismatches when AI tools trained on Western datasets are deployed in different cultural 

contexts. The adaptations product managers make to compensate for these limitations represent 

context-specific modifications to the UTAUT adoption pathway. 

 

5.1.2 Drivers of Adoption 

The study identified several key drivers influencing AI adoption, largely mapping onto UTAUT 

constructs but with specific contextual nuances.  

 

Social Influence is the degree to which individuals perceive that important others believe they 

should use a system, manifested in multiple forms across the data. The finding that product 

managers' AI adoption decisions are influenced by bosses, colleagues, educational institutions, and 

media confirms Andrews et al.'s (2021) observation about the significance of peer support and 

institutional encouragement in technology adoption. 

 

The variations in social influence patterns between organisational contexts, with bosses in smaller 

organisations directly encouraging AI use and larger organisations establishing dedicated AI teams, 

enrich our understanding of how this UTAUT construct operates across different settings. This 

finding suggests that organisational structure mediates the mechanisms through which social 

influence drives adoption. 

 

Product managers perceive AI as providing crucial informational resources that enhance their 

productivity, accelerate their work, and expand their capacity. The concept of information power is 

derived from Wood and Tandon's model of product managers' job performance and job satisfaction, 

which identifies information access and processing capabilities as key components of product 

management success (Wood & Tandon, 1994). In their framework, product managers' ability to 

gather, analyse, and leverage information effectively directly impacts both their job performance 

and satisfaction. This is a relationship that is amplified when they use AI. 
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5.2 Theoretical contribution 

Extending UTAUT Model: The case for User Agency as a new Construct 

 

While this study affirms the usefulness of the Unified Theory of Acceptance and Use of Technology 

(UTAUT) in explaining AI adoption, it also identifies a conceptual limitation within the model. 

Specifically, UTAUT’s constructs: performance expectancy and effort expectancy, assume 

relatively static user-system interactions. However, findings from this study suggest that AI 

adoption is an iterative, skill-dependent process in which users gradually learn to shape the system's 

output through prompting, feedback, and adaptation. Existing UTAUT constructs do not fully 

capture this dynamic process. 

 

• Effort Expectancy, defined as the perceived ease of use, assumes a baseline level of simplicity or 

complexity in system interaction. Yet, participants described initial difficulty using AI tools, 

followed by growing proficiency as they refined their prompting strategies and adapted the tool to 

their working style. 

• Performance Expectancy, which captures the perceived usefulness of a system, also falls short in 

explaining participants’ desire for personalised, stylised outputs. While the system did enhance their 

job performance, product managers wanted it to do more. They wanted the system to mimic their 

tone, writing style or documentation style. 

 

To address this conceptual gap, this study introduces User Agency as an additional construct that 

reflects users’ ability to intentionally shape and personalise AI system outputs. It captures the 

interactive and evolving relationship between human users and generative AI tools, especially in 

high-cognition tasks such as product management.  

 

Unlike traditional notions of task automation or system control, user agency refers to a user's 

perceived capacity to influence, tailor, and co-direct the behaviour and output of AI systems in a 

way that aligns with their personal or professional style, intent, and domain expertise.. It captures 

the intentional and iterative process of prompting, feedback, and learning through which users make 

AI tools expressive extensions of themselves. The User Agency construct posits that users want to 

understand the system's internal logic to gain a level of agency with the AI. This signifies a shift in 

AI adoption. While scholars like Sharaf et al (2024) and Williams & Yampolskiy (2021) had stated 

resistance to AI, citing job displacement fears and creativity hindrances as reasons for resistance, 

this study uncovers that workers have accepted and adopted AI tools that give them the ability to 

work together. In addition, this ability to work together has unlocked another level of creativity as 

than hindering it. 

 

The progression from learning curve to user-driven stylization that characterises the User Agency 

construct aligns with what Seeber et al. (2018) describe as the evolution of human-AI collaboration 

from substitution to augmentation to symbiosis. In the early stages, users approach AI as a potential 

substitute for certain tasks; during intentional shaping, they develop strategies for augmenting their 

capabilities; in the user-driven stylization stage, they achieve a form of symbiosis where the 

boundaries between human and AI contributions become fluid. 

 

The third stage in the construct user-driven stylization, connects with the level Ben Schneiderman 

describes as reliable, safe and trustworthy in the context of work between humans and AI. In his 
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Human Centred AI framework, he describes that AI systems that allow humans and computers to 

have the highest form of control are the best. This level, where human mastery is desired, enables 

competence building, free exploration, and creativity (Shneiderman, 2020). It is this level that 

Malone terms “superminds”, where human-AI collaboration reaches levels of integration that 

enable new forms of collective intelligence (Source: MIT, 2018). The product managers’ critical 

ability to evaluate AI outputs and combine the results with their own intelligence leads to improved 

job productivity, which in turn improves AI adoption as Ogundipe et al. described (2024).  

 

Therefore, this study argues that the study of AI adoption by professional workers should observe 

the interplay between workers and the AI tools in the adoption process. It digs into understanding 

how workers perceive and subsequently adopt AI at work. The learning curve stage of building user 

agency reflects workers' response to how they navigate concerns like AI system opacity or black 

box, as described by Araujo et al. (2020). Initial experimentation, observation, and comparison 

between AI outputs with their own work represent strategies to overcome these opacity concerns 

and build trust in the system. This process aligns with core principles in Explainable AI (XAI) 

research, where scholars like Arrieta et al. (2020) emphasize that transparency mechanisms are 

essential for fostering appropriate trust and effective use of AI systems. 

 

Participant statements like "I've noticed with some certain GPTs, if you ask, the answers they give 

I'm like, this is not what I am asking for" (P8) and "most times before I give it any tasks to do, I 

will ensure that I do it on my own" (P13) illustrate what Liao et al. (2022) identify as user-driven 

approaches to explanation, where users actively probe system behaviours to construct their own 

mental models of how the AI works. Unlike technical XAI approaches that focus on algorithmic 

transparency, Nigerian product managers engage in what Miller (2018) describes as a social 

explanation, a process of building practical understanding through iterative interaction rather than 

through formal algorithmic disclosure. 

 

The preference for generative AI over built-in tools is precisely because of this flexibility, further 

supporting the importance of user agency as a distinct factor influencing adoption choices. This 

suggests that the UTAUT model could be enriched by incorporating user agency as an additional 

construct that captures the bidirectional relationship between users and technology, particularly for 

AI technology. 

 

By incorporating User Agency alongside the traditional UTAUT constructs, we gain a more 

complete understanding of AI adoption that acknowledges both user adaptation to technology and 

technology adaptation by users. This extended model provides theoretical grounding for 

understanding why highly adaptable AI systems might achieve greater adoption than more rigid 

alternatives, even when the latter might initially appear to offer greater functionality or ease of use.  

 

5.3 Implications 

This study has some implications for organisations, Product Managers, AI Developers, and Nigerian 

policymakers, and they are stated below: 

 

Organisations: It is important that organisations, large and small, join Product managers in their 

AI upskilling quest. Currently, AI upskilling among Nigerian product managers remains largely 

self-directed, with individuals seeking out training programs independently. This fragmented 
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approach limits organisations’ ability to harness AI’s full potential. By equipping them with the 

right skills, they can contribute positively to maximising the innovation gains that come from 

Artificial Intelligence. Organisations should institute role-specific training sessions focused on 

Prompt engineering, Output validation and Ethical guidelines for AI use. Organisations can create 

a team to champion this training. Organisations can also go further to create localised LLMS, which 

can be deployed within the organisation's intranet. Having a localised AI tool for organisations 

would ensure there is more context and data for the tool to work with. This might mitigate the data 

privacy concerns about global AI tools which users have when using them. 

 

Product Managers: As AI becomes increasingly embedded in digital product development, 

product managers have a responsibility to balance AI capabilities with human judgment 

consciously. While AI tools can enhance efficiency, creativity, and decision-making, the human 

touch remains essential, particularly in strategic thinking and empathy-driven design. Continuous 

upskilling in AI literacy, prompt engineering, and critical thinking is crucial. Product managers 

must learn not only how to use AI but also how to assess when and where it adds value critically. 

 

AI Developers: Product managers are increasingly drawn to AI tools that support personalisation 

and interactive customisation rather than static, rigid responses. Developers should replace 

dropdown menus and rigid templates with chat-based workflows to enable product managers to 

refine the responses that the AI tool gives, especially for product management-focused tools. 

Additionally, developers should improve the cultural relevance of their platforms by expanding 

training data sets to include more information about Nigeria and Africa. They can establish local 

hubs or collaborate with regional experts to ensure that AI systems become more inclusive and 

context-aware. There is an initiative by the United Nations Development Programme to champion 

inclusive AI growth in Africa (Source: AI hub). This is a welcome development as African countries 

are equal partners in shaping AI’s development, and this study shows how they are doing it. 

 

Nigeria Policymakers: AI literacy is important for everyone. Therefore, this study calls on 

policymakers, particularly in education and innovation, to integrate AI education from secondary 

school students to professional workers. National initiatives should support both technical training 

and the ethical, critical use of AI. Also, policies should encourage open datasets to support local AI 

deployment. Subsidies should be provided to start-up companies to help with local AI development. 

This will ensure that Nigerian tech professionals are not merely consumers of foreign technology 

but contributors to its evolution. 

6 Conclusion and Limitations 
 

This study set out to explore how Nigerian digital product managers perceive and adopt AI in their 

work processes. In doing so, it aimed to fill a significant research gap by focusing on a highly 

influential yet understudied group within Nigeria’s growing technology ecosystem. Guided by the 

Unified Theory of Acceptance and Use of Technology (UTAUT) framework and grounded in socio-

technical systems theory, the study uncovered rich insights into how product managers integrate AI 

in their professional workflows. 

 

By conducting qualitative interviews with 13 product managers working with Nigerian tech 

companies, the study found that they perceive and adopt AI with a pragmatic mindset. They 
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perceived AI as a strategic work colleague, and so they delegated routine tasks to AI while they 

handled tasks that require human-centric capabilities, such as empathy.  

 

The study also showed the factors driving the adoption of AI by Nigerian product managers. These 

factors were seen to influence the human-AI partnership that existed. It revealed that adoption is 

not driven by technological determinism but by a complex interplay of personal motivation, 

professional ambition, socio-organisational dynamics, and cultural realities. Product managers' 

desire to remain competitive, improve performance, and gain "information power" is accompanied 

by a strong emphasis on local context and a call for structured AI literacy programs across Nigeria. 

 

My findings also uncovered a new construct, User Agency, that was important to the participants' 

adoption behaviour. This construct captures the evolving and skill-dependent relationship that users 

build with AI over time. It illustrates that AI adoption is not only about ease of use or productivity 

but also about the ability to shape and personalise technology in line with user identity, tone, and 

expertise. 

 

I acknowledge that this study has some limitations. The findings were based on the perspectives of 

13 product managers in the Nigerian tech industry. Also, most of the participants were based in the 

urban region of Nigeria, where the use of technology is quite pronounced. As such, the findings 

may not be generalizable across all industries or regions in Nigeria. The study had also adopted the 

UTAUT framework to guide the interview questions and subsequent analysis. The findings might 

have been different if another framework had been used. 

 

Future research can recruit more participants and also investigate the perspectives of product 

managers in other Nigerian industries or regions. Studies can also be conducted on other professions 

like developers, quality assurance testers or business analysts. These professions work with product 

managers, and it would be great to see if their perspectives differ or agree. Quantitative and 

Qualitative studies should be carried out to validate the proposed User Agency construct across 

broader contexts. Future researchers could explore User Agency in AI adoption through indicators 

such as: Degree of prompt iteration or refinement, Extent to which users customise tone or format 

in AI outputs, Frequency of corrections or feedback given to the AI, Time taken to reach for the AI 

to give satisfactory responses.  

 

AI adoption in product management is not a one-dimensional process of efficiency or automation. 

For Nigerian product managers, it is a dynamic journey that reflects creativity, contextual 

awareness, and a desire for agency in an ever-evolving technological landscape. As AI continues to 

transform work processes, understanding and empowering the human side of this partnership will 

be key to its responsible and meaningful integration in organisations. 
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Appendix 1 

Interview Guide 

Introduction 

I will briefly summarise the research aim, specifying the research question: How do Nigerian digital 

product managers perceive and adopt AI in their product management processes?”.  

Then, I proceed to confidentiality of disclosure and permission to record and transcribe an interview 

for the purpose of the research study. 

 

Ice Breaker: Tell me a little about yourself (Name, Age, Industry, Years of Experience) 

 

Intro Questions: 

1. Can you please describe what a typical working day looks like for you? 

2. Do you use AI tools when carrying out your tasks? If yes, what tools and what do you use 

them for?  

Framework Questions: 

Performance Expectancy 

3. Could you describe your first experience working with an AI tool? 

4. Follow-up questions: What made you think of using it? Did it give you the desired output? 

Have you used that tool afterwards? 

5. Can you share specific examples where AI has (or could have) added/reduced your 

productivity? 

6. Has AI influenced the way you work in any way? Followup questions: How and why? 

7. What are your expectations of AI tools supporting your product manager tasks? 

Effort Expectancy 

8. How easy or difficult do you find using AI tools in your work? 

Social Influence 

9. Has there been any communication from your organisation about the use of AI in your role? 

10. Do you feel supported or encouraged to adopt AI tools? Why or why not? 

Facilitating Conditions 

11. What kind of resources, training, or support has your organisation provided for working 

with AI tools? 

12. Are there specific tools or platforms that you think are lacking or could improve your AI 

adoption? 

13. What infrastructural or technical barriers hinder using AI in your role? 

Concluding Questions 

14. What's your opinion about using AI in product management tasks? 

Examples of product management tasks- Idea Generation, Idea Screening, Concept 

Development (user journey definitions), Product Specifications (Requirement gathering), 

Strategy and Product Roadmap, Agile Product Development, or Product Launch 

15. How do you perceive the impact of AI on your role as a product manager in the long term? 

16. What should an Ideal AI and PM collaboration be like? 

17. Is there anything else you’d like to share about your experiences or thoughts regarding AI? 

18. How do you think AI could better support product management in Nigeria? 


