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[bookmark: _Toc189668642]Abstract
This research critically examines the effectiveness of AI-driven personalised recommendation systems and their impact on consumer engagement and satisfaction within the context of Jumia, a leading e-commerce platform in Lagos, Nigeria. The study explores how cultural dynamics, and economic variables shape consumer perceptions of AI-driven personalisation by focusing on the interaction between consumers’ socio-economic status, digital literacy, and the use of AI technology.  Economic factors such as purchasing power and the varying levels of accessibility to technology among different segments of Lagos' population are also examined to understand the differential impact of AI recommendations across consumer groups. Additionally, the research delves into the challenges posed by cultural resistance to AI systems and the technological and legal limitations in the Nigerian context, including concerns over data security and privacy regulations. The study aims to provide insights into how AI personalisation can enhance or hinder customer engagement, satisfaction, and loyalty, offering strategic recommendations for e-commerce platforms targeting emerging markets. The study is expected to contribute to the literature on AI in emerging markets, shedding light on how businesses can optimise AI-driven marketing strategies to align with local consumer expectations and overcome contextual barriers.
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1.0. 

2.0. [bookmark: _Toc189668647]Chapter 1: Introduction
2.1. [bookmark: _Toc189668648]Background of the Study 
The e-commerce sector has been revolutionised by the rapid growth of AI and its ability to tailor marketing experiences (Gao et al., 2023). As a result of this development, AI-personalised recommendation systems have emerged as a marketing tool that leverages consumer behaviour to provide product recommendations (George et al., 2024). Ifekanandu et al. (2023) propose that AI-personalised recommendations optimise the allocation of the right products to consumers, hence improving customer engagement and satisfaction. Pardeshi et al. (2023) additionally investigate the integration of AI-driven recommendation systems as a marketing tool employed by e-commerce platforms such as Amazon and Alibaba to enhance customer satisfaction and loyalty. 
Jumia, an e-commerce platform in Nigeria, deploys AI technologies to enhance customer interaction and satisfaction by providing personalised marketing and product recommendations (Griffin, 2022). While the efficacy of AI-driven customised experiences is well-established in advanced nations, its impact in emerging regions such as Nigeria remains uncertain (Nkwo et al., 2018; Nwachukwu, 2023). Based on a Statista report in 2024, most Nigerians are young, with more than 60% of the population being under 30. Nigeria's economic centre, Lagos, has a diverse population, with most people in the city between the ages of 0 and 35, which supports the country's vibrant youth-driven economy (Statista, 2024; Wright et al., 2024). Moreover, Bananda & Nwagwu (2021) argue that Jumia's target market is young individuals; about 87% of Jumia's online customers in Nigeria are under 45, with the majority being between 25 and 35 years. This demographic trend is consistent with Nigeria's young population, as younger people are more inclined to use digital platforms and adopt digital technology (Bananda & Nwagwu, 2021). 
Lagos is a dynamic metropolis renowned for its significant economic and cultural disparities, encompassing a diverse population with a wide range of backgrounds, from those with little incomes to those with great riches (Ezennia & Marimuthu, 2020; Olagunju et al., 2020). Disparities in the state of the economy have become major obstacles for e-commerce platforms (Olagunju et al., 2020; Nkwo et al., 2018). According to Bananda & Nwagwu (2021), different people have different levels of purchasing power due to differences in their economic status; some segments will find that tailored product recommendations are less effective. Trust is essential in economies where individuals depend upon internet platforms (Gao et al., 2023; Oke et al., 2024). The widespread utilisation of AI personalisation tools is attributable to their substantial simplicity and relevance (Nkwo et al., 2018). However, consumers in Lagos may need to be more open about sharing personal information due to concerns over privacy and security (Khan & Uwemi, 2018; Gold et al., 2024). Gold et al. (2024), the lack of adequate legislation regarding data protection on e-commerce platforms deters users, which makes it extremely crucial to establish trust in these systems as powerful marketing tools.  Furthermore, Nkwo et al. (2018) demonstrate that the cultural milieu in Lagos positively influences consumers' perception of AI personalised services. The cultural diversity in Nigeria, characterised by over 250 ethnic groups, plays a significant role in shaping consumer behaviour and perceptions (Oluwadele et al., 2023). 
According to Sasu (2024) on Statista in Figure 1 below, Nigeria's growing penetration of mobile phones and the internet renders it an ideal location for e-commerce enterprises such as Jumia (Khan & Uwemi, 2018).
[image: A graph of blue bars
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[bookmark: _Toc182397940][bookmark: _Toc185118729][bookmark: _Toc185118748]Figure 1: Mobile Internet User Penetration in Nigeria from 2020 to 2029 (Statista, 2024)
Nevertheless, the deployment of AI-tailored recommendation systems in Lagos, Nigeria, is susceptible to challenges because of its intricate economic, social, and technological environment (Oluwadele et al., 2023). This study aims to address these concerns by examining the effectiveness of AI-personalised recommendations on Jumia in Lagos, Nigeria, specifically focusing on how well these systems cater to consumer needs within the local context.
2.2. [bookmark: _Toc189668649]Aims and Objectives
This study aims to evaluate how AI personalised recommendations as a marketing tool affect consumer engagement and satisfaction among Jumia customers in Lagos, Nigeria. The objectives include. 
· To examine consumers' perceptions of the effectiveness of AI-driven personalised recommendations on Jumia, with a particular focus on how cultural and economic factors influence these perceptions.
· To examine the challenges encountered by Lagos consumers when interacting with AI-driven personalised recommendations and how these challenges impact customer engagement. 
· To assess how AI-personalised recommendations influence customer engagement and satisfaction, particularly by enhancing customer trust, improving personalised experiences, and increasing interaction with the platform.

1.1. [bookmark: _Toc189668650]Scope and Limitations
This research will focus on Jumia customers in Lagos, Nigeria, and investigate the way consumers perceive AI-driven personalised recommendations and its influence on their engagement and satisfaction. The study’s result will be limited to Lagos and may not be applicable to other geographical areas or e-commerce platforms. Furthermore, the process of gathering data would depend on customer surveys, which have the potential to impose biases or constraints in accurately capturing the whole spectrum of consumer experiences. The scope of the study may also be constrained by the respondents' digital literacy levels and their familiarity with AI-driven recommendations.
1.2. [bookmark: _Toc189668651]Research Questions
· How do consumers perceive the effectiveness of AI-driven personalised recommendations on Jumia, considering the influence of cultural and economic factors?
· What challenges do Jumia consumers living in Lagos face when interacting with AI-driven personalised recommendations, and how do these challenges impact customer engagement?
· To what extent do AI-personalised recommendations influence customer engagement and satisfaction by enhancing customer trust, improving personalised experiences, and increasing interaction with the platform?
1.3. [bookmark: _Toc189668652]Significance of the Study
The present study aims to provide significant contributions to the understanding of the role of AI personalised recommendation as a marketing tool and its effectiveness in driving customer engagement and satisfaction in Lagos, Nigeria. By examining Jumia, this research will provide insights into how enhanced AI technologies streamline their operations to better meet local consumer expectations and tackle any AI implementation challenge. Moreover, the study can guide business enterprises operating in emerging markets in formulating strategies to improve consumer satisfaction and loyalty through the effective use of AI-personalised recommendations.
1.4. [bookmark: _Toc189668653]Justification for the Research Question
The research question of this study is justified by the critical and expanding role of AI in shaping consumer experiences and business performance (Nkwo et al., 2018). AI-driven personalisation has been argued in a global context to improve customer engagement and satisfaction by tailoring recommendations to individual preferences, thereby enhancing the precision of marketing efforts and optimising conversion rates (Grewal et al., 2024; Gold et al., 2024). However, the unique cultural and economic context of Lagos, Nigeria, requires an exploration of how these factors influence consumer perceptions and interactions with AI systems (Koetz, 2019; Nkwo et al., 2018). 
2.0. [bookmark: _Toc189668654]Chapter 2: Literature Review 
2.1. [bookmark: _Toc189668655]Introduction
According to Wawack et al. (2022) and Singh and Daisy (2023), AI-powered personalised recommendation systems are becoming a significant component of the e-commerce sector due to their ability to provide tailored product recommendations, make predictions about consumer behaviour, and segment customers. These AI algorithms use consumer data, including browsing history as well as previous interactions, to recommend products that match the consumer's needs, hence improving both customer engagement and satisfaction (Bawack et al., 2022). These methodologies enable e-commerce platforms to cultivate customer loyalty and stimulate recurring transactions, which are essential elements of an e-commerce marketing strategy (Olson & Levy, 2017; Desai & Sankalpa, 2016). According to Ezennia and Marimuthus (2020), the assessment of AI-personalised recommendations in emerging markets offers a distinct chance to evaluate the difficulties associated with implementing global AI methods within emerging African countries. Factors such as consumer trust, privacy concerns, cultural and economic factors, and the level of digital literacy among consumers may greatly impact the effectiveness of AI-personalised recommendations in this region (Oladoyinbo et al., 2024; Khan & Uwemi, 2018). The objective of this literature review is to evaluate the current research on AI personalised recommendation systems as a marketing tool and their impact on customer engagement and satisfaction.
2.2. [bookmark: _Toc189668656]AI Personalised Recommendation Systems in E-commerce
[bookmark: _Toc189668657]2.2.1. Overview of AI-Personalised Recommendations
[image: JTAER | Free Full-Text | A Hyper-Personalized Product Recommendation System  Focused on Customer Segmentation: An Application in the Fashion Retail  Industry]According to Messaoudi and Loukili (2024), personalised product recommendations are developed by AI models gathering demographic data and monitor behavioural patterns to provide a personalised experience for different consumers, with the objective of improving user interaction satisfaction and fostering engagement (Auwal, 2024). AI systems developed these recommendations by implementing machine learning algorithms that align user preferences with the products that are currently accessible, therefore providing a tailored shopping experience (Pardeshi et al., 2023). Raji et al. (2024) contend that implementing this approach allows e-commerce platforms to have the potential to enhance customer satisfaction and stimulate repeat purchases, setting AI personalisation as a highly useful marketing tool. In Figure 2 below, Yıldız et al. (2023) explicates the functioning of an AI-personalised recommendation system by leveraging consumer data, including browsing history purchasing behaviours, as well as user profiles and demographic information.[bookmark: _Toc177574150][bookmark: _Toc185118730][bookmark: _Toc185118749]Figure 2: Basic flowchart of recommendation systems (Yıldız et al., 2023).


[bookmark: _Toc189668658]2.2.2. Types of AI-Personalisation Techniques
Messaoudi and Loukili (2024) assert that several personalised strategies are frequently employed in the domains of e-commerce, content streaming, and social media communities. Messaoudi and Loukili (2024) identified collaborative filtering, content-based filtering, and hybrid approaches as the three primary recommendation systems used in e-commerce operations. The collaborative filtering technique, as proposed by Necula and Păvăloaia (2023), examines the actions of similar users to provide recommendations. The AI model recommends a product that one user has acquired to another user if both users have previously shown interest in a similar product. This approach is recognised for its effectiveness in increasing consumer engagement through the utilisation of social proof and user likeness (Necula & Păvăloaia, 2023). The personalised AI technique known as content-based filtering leverages individual user data to provide product recommendations (Bashynska, 2023). It offers tailored suggestions for products that align with the user's interests and preferences. Nevertheless, content-based filtering might occasionally generate an “echo chamber phenomenon” by continuously presenting customers with the same specific product, therefore restricting their exposure to a diverse range of products (Bashynska, 2023; Ge et al., 2020). Prakash (2023) suggests that hybrid approaches, which combine collaborative and content-based filtering, offer more precise recommendations by considering both user commonalities and [image: System architecture of Hybrid recommendation system]individual preferences together. [bookmark: _Toc177574151][bookmark: _Toc185118731][bookmark: _Toc185118750]Figure 3: System architecture of Hybrid recommendation system (Khanal et al., 2019)

Figure 3 above depicts a hybrid recommendation system process developed by Khanal et al. (2019) that utilises content-based filtering and collaborative filtering techniques to analyse user data such as interest, profiles, log files, activities, and tags. Nevertheless, the implementation of these techniques necessitates significant technological resources and can present difficulties in areas with inadequate infrastructure (Nkwo et al., 2018)
[bookmark: _Toc189668659]2.2.3. AI-Personalised Recommendations as a Marketing Tool
[image: A diagram of different types of marketing

Description automatically generated]The implementation of data gathering, segmentation, market research, personalisation, customer experience, and strategic AI frameworks has led to significant alterations in the marketing field, as shown in Figure 4 below, based on the studies done by Haleem et al. (2022).
[bookmark: _Toc177574152][bookmark: _Toc185118732][bookmark: _Toc185118751]Figure 4: The Application of Artificial Intelligence in Marketing (Haleem et al., 2022)


Haleem et al. (2022) further define AI-personalised recommendation systems as strategic marketing tools in e-commerce that allow firms to move beyond general marketing approaches. To enhance conversion rates and keep customers, e-commerce platforms such as Jumia can utilise real-time behavioural data to provide highly focused product recommendations (Gold et al., 2024; Dung et al., 2022). In contrast to traditional marketing, which often targets a broad demographic, AI personalised marketing strategies for individual consumers, therefore minimising decision fatigue and delivering a smooth shopping experience (Olson & Levy, 2017). According to Olson and Levy (2017), the increase in precision in targeting leads to improved consumer engagement and overall satisfaction. However, Algorithmic biases that arise in AI-personalised systems could affect recommendations, therefore restricting the range of products offered to specific user groups (Nwachukwu, 2023; Nkwo et al., 2018). Furthermore, excessively personalised marketing can occasionally be perceived as intrusive, which may lead customers to view such systems as a violation of their privacy rather than an improvement in service quality(Messaoudi & Loukili, 2024; Patel et al., 2023). According to Nkwo et al. (2018), the integration of AI-powered personalisation recommendations in developing markets should be done with careful attention to ethical concerns and cultural sensitivity  (Nyong et al., 2023). 
2.3. [bookmark: _Toc189668660]Theoretical Framework
According to Gao et al. (2023) and Na et al. (2022), the integration of consumer behaviour theories into AI-driven personalisation is needed to understand how customers interact with recommendation systems. In Nigeria, where Jumia also operates, the Theory of Planned Behaviour (TPB) and the Technology Acceptance Model (TAM) provide valuable frameworks for understanding the factors influencing consumer engagement and satisfaction with AI-personalised recommendation systems (Oke et al., 2024; Na et al., 2022). According to Nwachukwu and Affen (2023), TPB highlights how attitudes, societal norms, and perceived behaviour control significantly influence consumer decisions, especially in a region where cultural and social dynamics play an essential role in customer acceptance of AI-driven personalisation. However, how these cultural dynamics have been explicitly addressed within the context of AI systems in Lagos, Nigeria needs to be clarified.
The Theory of Planned Behaviour (TPB) has been criticised for oversimplifying consumer interactions—especially in regions such as Africa, where factors such as trust, digital literacy, and economic disparities can heavily influence technology acceptance (Na et al., 2022; Nwachukwu & Affen, 2023; Bashynska, 2023). In contrast, in developed regions with advanced technological infrastructure and high digital literacy, such as the US and Western Europe, consumers typically exhibit higher levels of confidence in AI systems. In some West African countries such as Nigeria and Ghana, Jumia faces the challenge of navigating a framework where consumer trust, data privacy, and economic inequalities are significant obstacles to deploying AI successfully (Khan & Uwemi, 2018; Messaoudia & Loukilic, 2024). Similarly, the Technology Acceptance Model (TAM) provides another important lens for analysing the adoption of AI-personalised recommendations. Bawack et al. (2022) and Oke et al. (2024) argue that TAM offers a useful statistical framework for predicting technology adoption. However, it faces significant constraints in geographical regions in Africa, where technological infrastructure and digital literacy are limited, preventing consumers from interacting with AI-driven systems as effectively as they might in developed regions (Nkwo et al., 2018; Oke et al., 2024). The constraints are driven by insufficient infrastructure, such as unreliable internet connections, which impede the seamless function of AI-personalised recommendations. 
Additionally, Nwachukwu (2023) and Raji et al. (2024) suggest that complexity theory provides a valuable perspective, proposing that AI systems operate as adaptive systems whereby various interconnected factors influence their outcomes. In some regions in Africa, such as Nigeria, there are some factors, such as economic inequalities, cultural norms, and technological limitations, that interact in complex ways and have a greater effect on the adoption and effectiveness of AI systems. Therefore, it is imperative to understand local circumstances, which often need to be addressed in the existing theoretical frameworks (Nkwo et al., 2018; Khan & Uwemi, 2018). By focusing specifically on the Lagos context, the research will contribute to the body of knowledge by exploring these complexities in greater depth, highlighting how various local factors shape consumer engagement with AI-personalised recommendations.
2.4. [bookmark: _Toc189668661]AI Personalisation in Emerging Markets
Ifekanandu et al. (2023) emphasise the differences in AI personalisation between industrialised and emerging economies. Figure 5 indicates the projected growth of the global AI market to $2,745B by 2032, indicating an uneven distribution of advantages. Developed nations are expected to benefit more from enhanced infrastructure, while developing countries may have challenges with adopting AI technology (Market.us, 2023).

[image: Artificial Intelligence market size]
[bookmark: _Toc177574153][bookmark: _Toc182397944][bookmark: _Toc185118733][bookmark: _Toc185118752]Figure 5:  Global Artificial Intelligence Market (Market.us, 2023).
Advanced economies such as the United States and Western Europe incorporate extensive digital engagement, and companies have access to vast datasets, which indicates that the integration of AI personalisation systems can significantly enhance customer satisfaction and increase sales (Gold et al., 2024; Singh & Daisy, 2023). These developed markets encompass well-developed infrastructure and a substantial level of consumer trust in technology (Rajis et al., 2024). This trust enables the integration of AI capabilities into the service provided to intended users (Messaoudi & Loukili, 2024; Raji et al., 2024). 
Conversely, Auwal (2024) and Ezennia and Marimuthu (2020) state that emerging places such as Sub-Saharan Africa and South Asia offer a more complicated environment for tailored AI applications. These environments are characterised by various infrastructural and socio-economic challenges that hinder effective AI implementation. Notwithstanding the difficulties, there is an increasing possibility for AI personalisation in these areas. In Nigeria, the effectiveness of AI systems is often hindered by challenges such as poor internet connectivity, limited smartphone usage, and insufficient consumer data (Prakash, 2023; Nguyen & Hsu, 2022). However, while these challenges have been previously identified, the literature has not explored their direct implications on user engagement and satisfaction, specifically on Jumia's platform.
Additionally, Nigeria is made up of people with income inequality, indicating personalised recommendations could unknowingly promote unaffordable products to the people, leading to social disapproval rather than engagement (Amosu et al., 2024; George et al., 2024). This indicates that AI systems must be adaptable to social and economic conditions and user needs based on their socio-status and provide tailored recommendations that cater to individual preferences and financial capacities (Amosu et al., 2024).  This indicates an absence of mechanisms to consider the power of purchasing despite utilising purchase history, which may result in inappropriate recommendations and diminished engagement (Amosu et al., 2024).  This study will assess how income disparities affect AI recommendation relevance on Jumia in Lagos and evaluate data integration effectiveness in mitigating negative experiences.
2.5. [bookmark: _Toc189668662]AI Impact on Customer Engagement and Satisfaction
[image: Understanding artificial intelligence experience: A customer perspective]Raji et al. (2024) and Singh & Daisy (2023) state that AI improves the consumer purchasing experience by analysing user behaviour, resulting in effective customer engagement and boosting overall satisfaction. AI personalised recommendation is known to be common in e-commerce companies such as Amazon, eBay, and Jumia, which implemented AI personalised recommendations and AI chatbot models to boost their customer retention and loyalty (Nkwo et al., 2018). Kibandi and Reuben (2019) define customer engagement as the depth and frequency of user interactions with an e-commerce platform. AI-driven personalisation enhances these interactions by recommending products that align with the user’s interests, behaviours, and demographics. However, how these positive effects manifest in the unique socio-economic and cultural context of Lagos provides additional insights into region-specific challenges and opportunities.[bookmark: _Toc177574154][bookmark: _Toc185118734][bookmark: _Toc185118753]Figure 6: An artificial intelligence conceptual model (Trawnih et al., 2022)

Trawnih et al. (2022) developed an AI conceptual model, as depicted in Figure 6 above. The author identified AI-driven services, personalisation, and perceived convenience as the critical elements enhancing customer relationship commitment, trust, and overall experience. Additionally, one of the factors, perceived sacrifice, has a positive influence on service quality, which has resulted in a multifaceted interaction between AI capabilities and customer engagement. For instance, Jumia utilised AI to adjust the content customers view based on their preferences and purchase history (Nkwo et al., 2018). This dynamic personalisation of products and marketing enhances customer engagement by removing obstacles in the buying process, thereby enhancing the user's convenience in finding their desired products (Bashynska, 2023; Nkwo et al., 2018). However, there is a gap in examining whether AI personalisation methods are equally effective across all demographic groups in Lagos, thereby contributing to understanding AI's impact in diverse settings.
[image: Jtaer 17 00011 g002 550]Moreover, AI personalisation improves customer satisfaction by providing products that match individual preferences and interests, thus minimising search time and enhancing the overall shopping experience (Krishnan et al., 2022; Desai & Sankalpa, 2016). According to Bag et al. (2021), when recommendations match customers' preferences and buying behaviour, it boosts the customer's perception of e-commerce and fosters their loyalty. Although the above existing studies consistently highlight these positive impacts, this research aims to critically evaluate the extent of Jumia customer trust in AI recommendations in Lagos.[bookmark: _Toc177574155][bookmark: _Toc185118735][bookmark: _Toc185118754]Figure 7: The application of AI personalised Chatbot on customer experience (Jenneboer et al., 2022)

Based on Jenneboer et al. (2022) research, as depicted in the figure 7 above, the AI-personalised bot has a great effect on customer satisfaction and loyalty through enhanced service quality, system reliability, and information quality. AI personalisation recommendation further enhances the customer experience by offering relevant, personalised recommendations, leading to fast response times. This resulted in long-term customer loyalty by fostering trust and engagement (Jenneboer et al., 2022). Furthermore, Ifekanandu et al. (2023), Trawnih et al. (2022), and Krishnan et al. (2022) argue that AI-driven chatbots have a positive impact on customer satisfaction. However, the primary focus of this study will be to examine how customers in Lagos perceive these benefits uniformly.
2.6. [bookmark: _Toc189668663]Challenges in Implementing AI-Personalisation in Emerging Markets
This section explores the key challenges of AI personalisation in emerging markets based on the theoretical perspective of previous researchers. However, the researcher aims to explore these challenges in practice and contribute an applied perspective to the effectiveness of AI-personalised systems in Lagos.

[bookmark: _Toc189668664][image: A diagram of a challenge

Description automatically generated]2.6.1 Infrastructure Limitations[bookmark: _Toc177574156][bookmark: _Toc185118736][bookmark: _Toc185118755]Figure 8:  Global Challenges and Downsides Associated with AI (Qadir et al., 2022)



Figure 8, developed by Qadir et al. (2022), shows the global challenges that various authors have identified, which include AI model bias, a lack of accountability, high planetary costs, and vulnerability in adversarial settings. However, Roy and Jain (2022) depict that technology infrastructure limitations, unreliable networks, and seamless algorithmic integration will hinder the deployment of AI personalisation systems. Moreover, the technological infrastructure limitation in emerging markets includes poor internet connectivity and network speed, which can prevent the effective functioning and interaction of AI recommendation systems (Gold et al., 2024; Nwachukwu & Affen, 2023; Nkwu et al., 2018). It is imperative to consider infrastructure development through the improvement of network dependability and data storage capabilities to optimise the efficiency of personalised AI recommendations (Messaoudie & Loukilie, 2024).
[bookmark: _Toc189668665]2.6.2 Cultural Challenges
Ifekanandu et al. (2023) and Adekoya et al. (2024) argue that different cultural practices in developing countries pose a challenge in personalising AI services to meet the specific needs and preferences of individuals. In communal settings, societal norms hold more significance than individual decisions, as AI models depend on large data and may not effectively resonate with consumers that prefer ideas from their society rather than personalised recommendations produced by AI models (Adekoya et al., 2024). Neglecting these preferences may result in AI personalisation systems becoming less relevant to a big segment of the population and facing difficulties in building trust in technology, which is a major challenge that needs to be overcome (Necula & Păvăloaia, 2023).
[bookmark: _Toc189668666]2.6.3 Privacy Concerns
AI-personalised recommendations have indicated effectiveness in emerging markets, where considerable scepticism towards technology may lead customers to regard these recommendations with fear, particularly if they perceive their privacy to be violated (Nwachukwu, 2023; Nkwo et al., 2018). Singh Daisy (2023) argues that e-commerce platforms should adopt AI technologies that adhere to privacy regulations and provide users with comprehensive descriptions of how their data is utilised. The lack of data protection legislation in emerging economies exacerbates the issue by causing concerns among consumers about privacy and the protection of their data integrity (Raji et al., 2024; George et al., 2024).
[bookmark: _Toc189668667]2.6.4 Algorithmic Bias and Fairness
Concerns about privacy and ethics, especially data acquisition and utilisation for AI personalised recommendation systems, highlight the potential bias and unfairness in AI algorithms. These biases and unfairness can affect the optimisation of AI recommendations across different segments of emerging markets (Massoud & Loukill, 2024; Varsha, 2023).
[bookmark: _Toc189668668]2.6.5 Economic Challenges
Economic circumstances directly influence the effectiveness of AI-powered personalised solutions. Individuals in developing economies exhibit a high degree of price sensitivity, which may lead them to disregard product recommendations provided by AI if they are inconsistent with their individual needs (Nwachukwu & Affen, 2023; Prakash, 2023). Given the dynamic nature of markets and economic conditions, AI technology must promptly adapt to align with consumer preferences (Nwachukwu, 2023).
2.7. [bookmark: _Toc189668669]Identification of Literature Gaps
The existing literature on AI personalised recommendation systems primarily focuses on developed markets, while the unique socio-economic and cultural dynamics of Lagos, still need to be explored. Although there is increasing research on AI recommendations in emerging markets, much of it remains regionally general and needs a more specific analysis of Lagos' local context. This gap underscores the need for further research to understand the effectiveness of AI systems in environments characterised by less developed infrastructure, lower digital literacy, and unique consumer expectations (Khan & Uwemi, 2018; Bawack et al., 2022; Singh & Daisy, 2023).
Furthermore, the literature shows a notable scarcity of studies testing established consumer behaviour theories, such as the Theory of Planned Behaviour (TPB) and Technology Acceptance Model (TAM), specifically within Lagos' e-commerce environment. While these theories have been valuable in understanding technology adoption, they have not yet been empirically tested in contexts where infrastructure and cultural dynamics present unique challenges (Na et al., 2022; Oke et al., 2024). Therefore, this study aims to bridge this gap by empirically assessing the applicability of these frameworks in Lagos, Nigeria, providing new insights into how cultural, economic, and infrastructural factors affect AI adoption.
Moreover, while existing studies such as Messaoudi and Loukili (2024) and Raji et al. (2024) suggest positive outcomes for AI-driven personalisation, they often assume that these benefits are uniformly experienced. This research will investigate whether such benefits are perceived consistently by different consumer segments in Lagos, considering factors like socio-economic disparities and digital literacy. Thus, the study will contribute to a nuanced understanding of AI effectiveness in a diverse and challenging context, adding empirical data to support the adaptation of existing theoretical models.
2.8. [bookmark: _Toc189668670]Conclusion
Undertaking field research will yield practical insights for implementing AI-personalised recommendation systems in the African e-commerce industry (Nwachukwu, 2023). This study examines the influence of socio-economic and cultural factors on the effectiveness of AI recommendations in Lagos, Nigeria. This research seeks to enhance comprehension of AI system adaptation for Jumia and similar platforms by assessing consumer perceptions, challenges, and effects on consumer trust, engagement, and personalised experiences. This literature study will contribute to the methodology presented in the next chapter, ensuring a systematic approach to investigating these mechanisms.
3.0. [bookmark: _Toc189668671]Chapter 3: Methodology 
This methodology section outlines the systematic approach employed in this research to ensure the validity and reliability of findings (Creswell & Plano, 2018). Utilised a mixed-methods design, data collection involved structured surveys and in-depth interviews, with ethical considerations ensuring informed consent and confidentiality. 
[bookmark: _Toc189668672]3.1. Research Philosophy and Approach
[bookmark: _Toc189668673]3.1.1. Pragmatism
The research was grounded in pragmatism, indicating the practical application of research findings and the necessity of addressing real-world problems. This pragmatism aligned with the mixed-method approach by enabling flexibility in selecting the right methods to address the research questions (Nowell et al., 2017; Fadeyi, 2024). By integrating both approaches, this study aimed to derive findings that are not only theoretically valuable but also directly applicable to improving AI-personalisation strategies of Jumia and other e-commerce platforms as well as sectors like digital marketing and online retail, where customer engagement and customised experiences are vital for business performance.
[bookmark: _Toc189668674]3.1.2. Inductive and Deductive Approach 
The research utilised both inductive and deductive approaches to offer an in-depth understanding of consumer engagement and satisfaction with AI personalisation. The inductive approach was particularly applied in the qualitative analysis to derive themes and patterns from the data collected. This approach is suitable for exploring new areas of inquiry where existing theories may need to fully capture the nuances of consumer engagement and satisfaction in the context of AI personalisation (Fadeyi, 2024). These qualitative findings informed the hypotheses tested through the deductive approach in the quantitative phase, enabling the validation of identified patterns and relationships with statistical evidence (Fadeyi, 2024). This combined approach is particularly appropriate for addressing the research aims because it allows a broader understanding of how AI-driven personalisation can influence consumer satisfaction and engagement, not only within Jumia but also in similar contexts, thereby ensuring the research provides both specific and generalisable insights (Johnson & Onwuegbuzie, 2004; Nguyen et al., 2023).
[bookmark: _Toc189668675]3.2. Research Strategy
[bookmark: _Toc189668676]3.2.1 The Case Study Method 
The case study was employed to foster an in-depth examination of the research within the specific context of Jumia and Lagos in Nigeria. These allowed an extensive exploration of the complexities and nuances of consumer interactions with AI-driven recommendations, capturing quality quantitative and qualitative data that other methods may overlook. 
[bookmark: _Toc189668677]3.2.2 Data Sources 
This study employed a primary source of data collection. Primary data will be gathered through structured questionnaires and open-ended questions directed at Jumia customers, enabling the capture of firsthand experiences and perceptions regarding AI personalisation (Bawack et al., 2022). 
[bookmark: _Toc189668678]3.3. Research Design 
This study adopted a mixed-method research design by incorporating both quantitative and qualitative approaches to provide a comprehensive understanding of the research problem. The quantitative component involved the collection of numerical data through structured questionnaires, which allowed the researcher to measure variables such as customer satisfaction, engagement, and perception of AI personalisation (Tashakkori & Teddlie, 2010). The qualitative aspect included open-ended questions to gather in-depth insights from participants, which allowed the participants to express their personal experiences, challenges, and perceptions in detail. This method provided the opportunities to uncover insights that may not be fully captured by quantitative data alone, such as emotional responses and unique personal interactions with AI technologies (Tashakkori & Teddlie, 2010; Creswell & Plano Clark, 2018). Moreover, this design allowed for triangulation of data, which enhanced the validity and reliability of the findings. The adoption of both methods was particularly beneficial in exploring complex phenomena such as consumer behaviour and satisfaction, where statistical trends and personal narratives were essential for a comprehensive understanding (Ayomipo, 2024). The research questions were evaluated by researchers using a mixed-method approach, which allowed for a detailed investigation of quantitative elements such as engagement levels and provided qualitative insights into customer experiences. This allowed for a more nuanced understanding of how customer satisfaction was impacted by AI-personalised recommendations across various consumer segments in Lagos, Nigeria (Mazhar et al., 2021). 
[bookmark: _Toc189668679]3.4. Data Collection Methods 
[bookmark: _Toc189668680]3.4.1 Quantitative Data Collection 
The researcher developed a structured questionnaire to collect quantitative data from Jumia customers in Lagos. Quantitative data was gathered using structured questionnaires, which will assess key metrics such as customer engagement, satisfaction, and overall perceptions of AI-driven personalised recommendations. The Likert scale was employed to quantify the participant response, which enables the statistical analysis of the data. The participants were Jumia customers in Lagos, selected through a stratified random sampling method to ensure comprehensive representation across key demographic groups (e.g., age, gender, and income levels). The distribution of participants across demographic categories closely mirrored the actual demographic breakdown of Jumia's consumer base in Lagos. This approach enhanced the generalisability of the findings across various segments of Jumia’s customer base. Before the data collection, the questionnaire was pilot-tested with 10 Jumia consumers to ensure clarity, relevance, and effectiveness before full deployment. Their participation led to some rephrasing of some questions to make them more straightforward and some adjustments of response alternatives to better reflect local consumer experiences(Mazhar et al., 2021). 
[bookmark: _Toc189668681]3.4.2 Qualitative Data Collection
 The questionnaire (see Appendix 5) included open-ended questions in addition to closed-ended questions to capture qualitative insights from participants. The questions developed allowed the respondent to share their opinion based on their experience with AI personalised recommendations, including perceived benefits, challenges, and suggestions for improvement. Qualitative data was collected through open-ended questions embedded within the same questionnaire. These questions provided participants with the opportunity to express their opinions and share personal experiences in their own words (Nowell et al., 2017). This method allowed a deeper understanding of the challenges, perceptions, and potential benefits of AI personalisation systems, offering richer insights that may not be fully captured through quantitative measures alone (Nguyen et al., 2023). This qualitative component is essential for gaining insights into the emotional and cognitive responses of consumers to AI personalisation (Nowell et al., 2017). 
[bookmark: _Toc189668682]3.5. Sampling Strategy 
A stratified random sampling method has been employed to ensure the collection of samples from various demographic groups of Jumia customers within Lagos. The strata were determined by criteria including age, gender, income level, and digital literacy, facilitating a more precise representation of these groupings. This strategy was selected to enhance the generalisability of the findings to the broader population (Dillman et al., 2020).  A sample size of 195 respondents was selected to match practical problems with statistical validity. A minimum of 195 respondents is typically adequate for exploratory studies in urban populations such as Lagos because it allows preliminary insights while ensuring a feasible scope (Braun & Clarke, 2013). Moreover, targeting up to 195 respondents guarantees a more accurate margin of error and improves the reliability of the findings (Nguyen et al., 2021). According to Etikan et al. (2016), the implementation of the stratified random sample technique guarantees sufficient representation of critical demographic categories, which is vital for deriving generalisable results (Braun & Clarke, 2013). The selected sample size of 195 respondents was determined based on statistical procedures to ensure a 95% confidence level with a 5% margin of error for reliable results. This sample size is considered adequate for diverse populations like Lagos to generate generalisable insights (Fadeyi, 2024). 
[bookmark: _Toc189668683]3.6. Data Analysis Methods
[bookmark: _Toc189668684]3.6.1. Quantitative Data Analysis 
Quantitative data were analysed using Microsoft Excel for data organisation and descriptive statistics. At the same time, Python programming and Jupyter Notebook (utilising libraries such as Pandas, NumPy, Matplotlib, Seaborn, SciPy, and Statsmodels) were employed for advanced statistical analysis and data visualisation (see Appendix 3). The exploratory data analysis approaches, including univariate, bivariate, and multivariate analyses, were employed to provide descriptive statistics. These analyses effectively summarised the demographic characteristics of respondents and their responses to the closed-ended questions, offering a comprehensive overview of the dataset's foundational trends and patterns. Inferential statistics, such as correlation, regression analyses, Anova and Manova, were employed using scipy.stats to examine the relationships between AI-personalised recommendations, customer engagement, and satisfaction. This statistical analysis will allow for the identification of significant predictors of customer satisfaction and engagement, providing insights into the effectiveness of AI personalisation strategies (Patel, 2023). 
[bookmark: _Toc189668685]3.6.2. Qualitative Data Analysis
The qualitative data were analysed using a thematic analysis with the six-step process, which includes familiarisation with the data collected, generating initial codes, searching for themes, reviewing themes, defining and naming themes, and producing the final report (Mogaji et al., 2020). This analysis utilised Python tools and libraries such as pandas, re, nltk, CountVectorizer, WordCloud and so on (See Appendix 3 and 4). This method allowed the identification of key themes and patterns in participants' responses, providing valuable insights into their experiences with AI-personalised recommendations. The thematic analysis enabled the researcher to explore the complexities of consumer perceptions and behaviours, offering a nuanced understanding of the impact of AI personalisation (Nowell et al. (2017; Creswell & Plano Clark, 2018)
[bookmark: _Toc189668686]3.7. Ethical Considerations 
Ethical considerations were paramount throughout the research process. Informed consent was embedded at the beginning of the questionnaire (see Appendix 5), where participants were required to agree or disagree to participate before proceeding with the survey. Confidentiality and anonymity were maintained by assigning unique identifiers to each respondent, and all data were securely stored on a password-protected computer system, ensuring participant privacy. Ethical approval was sought and granted by the Lancashire School of Business and Enterprise (SOBUS), under the supervision of Ruth Bavin, before the commencement of data collection (see Appendix 2). The study adhered to the ethical guidelines set by the British Psychological Society (BPS, 2021) to ensure that participants' rights and well-being were prioritised. This involves protecting participants from harm, permitting them to enquire, and offering the ultimate option to withdraw at any point during the research process (Papić, 2023).  
[bookmark: _Toc189668687]3.8. Limitations of the Study 
The research conducted heavily depended on participants' self-reported data, which has the possibility of containing biases or recollections that are only partially accurate. Furthermore, the results' application to other areas or e-commerce platforms is limited by the researcher's attention to Jumia customers in Lagos. Another limitation that is considered paramount is the rapid growth of AI technology, which may further impact the applicability of the study. Moreover,  the conclusions' depth and generalisability could be influenced by the sample size being limited by time and resource limitations. Finally, evaluating the long-term impacts of AI-personalised recommendations on customer behaviour is difficult due to the need for longitudinal data.
[bookmark: _Toc182124099][bookmark: _Toc189668688]4.0 Chapter 4: Data Analysis and Findings
[bookmark: _Toc189668689]4.1 Overview
This chapter highlights the data analysis and findings from the evaluation of the effects of AI-driven personalisation on consumer engagement and satisfaction on the Jumia platform in Lagos, Nigeria. The survey yielded 195 participants, and it was structured to provide a comprehensive evaluation of both the qualitative and quantitative data gathered, including demographic insights and hypothesis testing.
[bookmark: _Toc189668690]4.2 Data Preparation
Based on established best practices, the data preparation method started with a preliminary analysis and organisation in Excel to comprehend the information and detect missing values (Davenport et al., 2019; Dillman et al., 2014). Missing values in non-essential variables were filled in using mean replacement, whilst significant errors were removed to preserve statistical validity. The initial data cleaning and transformation were performed in Python using Jupyter Notebook to ensure appropriate data manipulation. Moreover,  some vital features, including categorical variables, were converted into numerical scales for statistical analysis, while ordinal variables were carefully standardised to ensure consistency and accuracy. According to Mazhar et al. (2012), the methodological approach facilitated thorough data analysis to achieve a comprehensive investigation of Jumia's customer perception of AI personalisation. 
[bookmark: _Toc189668691]4.3. Exploratory Data Analysis
[bookmark: _Toc182124100]Mohan et al. (2024) asserts that exploratory Data Analysis (EDA), such as Univariate, Bivariate and Multivariate Analysis, is a statistical methodology employed to summarise and visualise data to reveal patterns, trends, and anomalies. Table 1 provides a summary of the key statistical insights from the survey data collected.
[bookmark: _Toc189668692]4.3.1. Statistical Summary 
Table 1 below represents the statistical summary of the data collected from the respondents.




[image: ][bookmark: _Toc184216576][bookmark: _Toc185118724]Table 1: Statistical Summary of the Key Variables
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Description automatically generated]4.3.2. Univariate analysis

[bookmark: _Toc185118737][bookmark: _Toc185118756]Figure 9: The Demographic Composition of Jumia Respondents
Figure 9a illustrates that the predominant demographic consists of younger users (ages 25–34), validating Bananda and Nwagwu's (2021) findings that tech-savvy individuals are the majority in Nigeria's e-commerce sector. Figure 9b shows a 58.6% female majority, aligning with research indicating an increasing engagement of women in online buying. Figure 9c illustrates a predominance of middle-income individuals (₦50,000–₦100,000), supporting Adekoya et al. (2024), which underscores the significance of affordability in engagement. Figure 9d illustrates "when needed" shopping, aligning with George et al. (2024), which argues that loyalty programs [image: A graph of a bar and a bar of graph

Description automatically generated with medium confidence]stimulate recurring purchases. 
[bookmark: _Toc185118738][bookmark: _Toc185118757]Figure 10: Consumers' Perceptions Regarding the Significance and Influence of Personalised Recommendations
Figure 10a indicates that 75% of respondents categorised recommendations as "extremely relevant" or "very relevant," which is consistent with the findings of Ifekanandu et al. (2023), highlighting the significance of relevance in engagement. Figure 10b indicates that 68% of respondents assumed recommendations improved purchasing behaviour, whereas 12% reported "no effect," underscoring varied expectations and the necessity for enhancement.
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Description automatically generated with medium confidence][bookmark: _Toc185118739][bookmark: _Toc185118758]Figure 11: Respondents' Levels of Satisfaction Regarding AI Recommendations

Figure 11a indicates that 78% of respondents reported being "satisfied" or "very satisfied," which is consistent with the findings of Ifekanandu et al. (2023), which emphasise the importance of relevance in determining satisfaction levels. Figure 11b indicates that 62% of respondents perceived the recommendations aligned "extremely well" or "somewhat well" with their preferences, demonstrating the effectiveness of AI. Figure 11c indicates a 30% level of discomfort regarding data usage, aligning with the findings of Gold et al. (2024), which link privacy concerns with barriers to AI adoption. Figure 11d indicates that only 20% of users "always" or "often" interact with recommendations, indicating that Jumia has the potential to enhance relevance to increase engagement.
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[bookmark: _Toc185118740][bookmark: _Toc185118759]Figure 12: Participants Perception Pertaining to Loyalty, Preference, Cultural and Economics
Figure 12a shows that 68% of respondents agreed or strongly agreed that AI personalisation enhances loyalty, aligning with the findings of Grewal et al. (2020), which indicate that personalised marketing reinforces brand loyalty. Figure 12b indicates that 75% of respondents perceive the recommendations as consistent with their preferences. Based on Figure 12c and Figure 12d, only 60% of respondents considered AI culturally or economically significant. This finding aligns with Brobbey et al. (2021), which underlines the need for culturally sensitive [image: A screenshot of a graph

Description automatically generated]changes to effectively serve Nigeria's diverse population.
[bookmark: _Toc185118741][bookmark: _Toc185118760]Figure 13: Analysis of Respondents' Privacy Concerns, Trust in Data Transparency,  Purchasing Power, and Challenges Associated with AI Recommendations
[bookmark: _Toc182124101][image: A group of colorful rectangular bars

Description automatically generated with medium confidence]Figure 13a shows that 65% expressed significant privacy concerns. According to Gold et al. (2024), data sensitivity is considered extremely important in AI. Figure 13b reveals that 72% reported increased trust with transparency, which is crucial for Jumia’s AI. Figure 13c indicates that 60% found purchasing power influenced relevance, aligning with Brobbey et al. (2021), advocating adjustments for economic inequities. Figure 13d shows 45% noted repetitive recommendations, supporting Ifekanandu et al. (2023) on the need for diversity to reduce fatigue.

[bookmark: _Toc185118742][bookmark: _Toc185118761]Figure 14: Analysis of User Interaction, Shopping Habits and Repeat Purchases
Figure 14a indicates that 65% of respondents often observe personalised recommendations derived from their previous shopping behaviours. Figure 14b indicates that 55% of individuals occasionally make purchases based on these recommendations. Figure 14c shows that 40% of respondents indicate a moderate impact of challenges on their interaction with the platform. In Figure 14d, 60% of respondents agree that recommendations have a significant impact on repeat purchases.
[bookmark: _Toc189668694]4.3.3. Bivariate Analysis
[image: A screenshot of a graph
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[bookmark: _Toc185118743][bookmark: _Toc185118762]Figure 15: The Interplay of Privacy Concerns, Transparency, Trust, And Satisfaction with AI Recommendations

Figure 15a shows that 60% of respondents are "somewhat concerned" or "very concerned" about privacy, aligning with Gold et al. (2024), which highlighted the significant impact of privacy concerns on user interaction with AI in emerging markets like Nigeria. Figure 15b indicates that 75% of respondents indicate enhanced trust due to transparency, supporting the argument made by Gao et al. (2023) that transparent AI processes cultivate increased consumer trust. Figure 15c demonstrates uniform satisfaction levels across income brackets, with 70% expressing satisfaction. Brobbey et al. (2021) emphasise the necessity of considering economic diversity in AI. Figure 15d illustrates that transparency enhances trust. According to Raji et al.(2024),  perceived control and transparency bolster user engagement.
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Description automatically generated][bookmark: _Toc185118744][bookmark: _Toc185118763]Figure 16: The Influence of Income, Trust, And Cultural Relevance on Satisfaction with AI Recommendations


[bookmark: _Toc182124102]Figure 16a shows that higher-income groups report slightly higher satisfaction, suggesting that economic capacity enhances the perceived value of AI. According to Ifekanandu et al. (2023), there is a connection between higher income and increased engagement with personalised AI. Figure 16b validates that transparency improves satisfaction, which aligns with Gao et al. (2023), which highlighted the importance of transparency in fostering trust. Figure 16e shows that individuals aged 25-34 exhibit significant cultural alignment with AI recommendations, as noted by Oluwadele et al. (2023). Figure 16f demonstrates a positive correlation between satisfaction, loyalty, and trust, thereby reinforcing the connection between satisfaction and user loyalty.
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Description automatically generated]4.3.4. Multivariate analysis

[bookmark: _Toc185118745][bookmark: _Toc185118764][bookmark: _Toc182124103]Figure 17: Correlation Matrix for Key Variables
In Figure 17, Users whose preferences align with AI recommendations are more likely to be loyal, according to a positive correlation of 0.54 between loyalty and preference levels. A moderate connection is indicated by the 0.41 correlation between loyalty and satisfaction. This supports the theory that satisfaction enhances loyalty, according to Adekoya et al. (2024), which assert that customer satisfaction significantly impacts loyalty in AI systems. The correlation of 0.3 between trust and loyalty underscores the importance of trust in promoting loyalty. 
[bookmark: _Toc189668696]4.4. Hypothesis Testing
[bookmark: _Toc182124104][bookmark: _Toc189668697]4.4.1. Hypotheses and Corresponding Tests
Table 2 summarises the hypotheses, theoretical frameworks, test statistics, p-values, methodologies, and acceptance/rejection status. Table 2 identifies which hypotheses were supported by the data and which were not, highlighting significant relationships and areas [image: ]for further exploration in the context of AI-driven personalisation.[bookmark: _Toc184216577][bookmark: _Toc185118725]Table 2: Hypothesis Testing Summary


[bookmark: _Toc182124105][bookmark: _Toc189668698]4.4.2. Results of Hypothesis Testing
Table 3 analyses the hypothesis, highlighting the complex relationships between various factors influencing the effectiveness of AI personalisation on Jumia. 
[image: ][bookmark: _Toc184216578][bookmark: _Toc185118726]Table 3: Hypothesis Results

[bookmark: _Toc182124107]In Summary,  Trust and privacy concerns significantly influence user engagement. Gold et al. (2024) emphasise that privacy issues hinder interaction, underscoring the necessity for transparency. Economic factors influence user satisfaction, with higher-income individuals reporting greater satisfaction, thereby reinforcing the argument made by Brobbey et al. (2021) regarding the need to address economic diversity. Transparency enhances trust and satisfaction, as emphasised by Gao et al. (2023), highlighting its significance in AI systems. These insights indicate that Jumia should prioritise privacy, economic inclusivity, and transparency to improve personalisation. 
[bookmark: _Toc189668699][bookmark: _Toc182124108]4.4. Thematic Analysis of Qualitative Data
According to Braun and Clarke (2006), thematic analysis serves to identify and interpret patterns within qualitative data. In the context of this research, it facilitates a comprehensive understanding of customer feedback regarding AI recommendations on the Jumia platform. 
[bookmark: _Toc189668700]4.4.1. Key Themes and Subthemes
Table 4 and Figure 18 below illustrate the key themes, subthemes, and word clouds derived from qualitative feedback on AI recommendations regarding consumer concerns, suggested improvements, and additional comments, along with a critical analysis of each theme using findings and Figure 18.
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Description automatically generated][bookmark: _Toc185118746][bookmark: _Toc185118765]Figure 18:Wordcloud of Suggested improvement, Privacy concerns, and Additional comments
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	[bookmark: _Toc185118747][bookmark: _Toc185118766]Figure 19: Wordcloud of Suggested improvement, Privacy concerns, and Additional comments for Respondents earning below #50,000
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[bookmark: _Toc189668701]5. Discussion
[bookmark: _Toc189668702]5.1. Overview of AI Personalisation Benefits and Drawbacks
The findings (Figure 9a) show that Jumia's AI-driven recommendations positively influence engagement and satisfaction among younger, tech-savvy users, thus supporting hypotheses H1 and H2. However, they are less effective for older or less digitally proficient demographics. Figure 11a confirmed that younger respondents (aged 25–34) were significantly more satisfied with recommendations, with 68% categorising them as "very satisfied" or "satisfied." Conversely, merely 42% of older respondents (35+) indicated comparable satisfaction levels, highlighting the limited reach of Jumia's AI systems across different demographics (see Figure 16e).
This corresponds with the perceived significance of recommendations, indicating a greater affirmative reaction among younger populations (see Figure 10a). Gao et al. (2023) contend that younger users exhibit a greater tendency to engage with AI, attributable to their experience with digital tools. Bananda and Nwagwu (2021) assert that elevated digital literacy in younger demographics enhances the implementation of customised systems inside Nigeria's e-commerce sector. Certain respondents’ opinions (see Table 4) expressed irritation over the non-intuitive nature of Jumia's interface, validating Auwal (2024), which emphasised that platforms aimed at emerging markets must prioritise accessibility for all age demographics. Moreover, repeat purchases (Figure 14a) were identified as a significant factor influencing satisfaction among younger users, with more than 45 respondents, which shows that tailored recommendations helped their decision-making process. According to Ifekanandu et al. (2023), AI-driven repeat purchase patterns improve customer satisfaction when effectively included in recommendation systems. The correlation matrix (Figure 17) reinforces this by indicating a robust positive association (r = 0.54) between satisfaction and loyalty.
[bookmark: _Toc189668703]5.2. Economic Disparities in AI Personalisation
The findings showed that consumers with higher incomes were more satisfied with Jumia's AI recommendations than those with lower incomes, emphasising economic inequities as a significant factor, thus supporting Hypothesis H4 (Figure 16c). This indicates that 60% of respondents earning more than ₦100,000 per month consider recommendations as "satisfied" or "highly satisfied," while only 30% of respondents earning less than ₦50,000 reported similar levels of satisfaction. This suggests that Jumia's algorithms do not adequately take economic diversity into account, which reduces their applicability to price-conscious consumers. The relationship between the perceived cultural significance of AI recommendations and income levels (Figures 12c, 12d) also shows that respondents with higher incomes are more satisfied with personalised products than those with lower incomes. Brobbey et al. (2021) emphasise that economic inclusivity is essential for the significance of AI systems in emerging markets, particularly in environments marked by considerable income inequality. Adekoya et al. (2024) emphasise the importance of socio-economic factors in shaping consumer interaction with AI technologies. The qualitative data (see Figure 19) reinforces these findings, with respondents from lower-income groups often describing the recommendations as "not really relevant," underscoring a gap between product pricing and consumer purchasing power. The lack of price-filtering mechanisms in Jumia's AI system intensifies this disparity. Respondents often indicated that AI ought to emphasise cost-effective options, promotional discounts, or bundles aligned with their income levels. Papić (2023) emphasises the necessity of integrating economic factors into personalised systems in developing regions to promote inclusivity.
[bookmark: _Toc189668704]5.3. Digital Literacy and Accessibility Barriers
Figure 11d indicates that respondents engage more regularly with AI recommendations, especially those classified as "Sometimes" or "Often," are likely to possess greater digital literacy. These users exhibit a greater tendency to engage with AI, indicating a stronger acceptance of AI technology. This supports Hypothesis H6, indicating that people with elevated digital literacy demonstrate increased acceptance and trust in AI-generated recommendations. However, Figure 18 underscored this issue, with participant responses often referencing themes such as 'confusing' interfaces, 'unnecessary' features, and 'irrelevant recommendations,' which users recognised as substantial barriers to enhancing the overall user experience and AI effectiveness. Gold et al. (2024) contend that inadequate digital literacy obstructs the adoption of AI systems and exacerbates user mistrust, especially in emerging markets. Bananda and Nwagwu (2021) discovered that intricate e-commerce platforms were often difficult for Nigerian users with low technological proficiency to navigate, which resulted in disengagement. Ifekanandu et al. (2023) emphasise the need for user-friendly designs that improve engagement to overcome these challenges. 
[bookmark: _Toc189668705]5.4. Cultural Sensitivity and AI Alignment
Hypothesis H3  (see Table 3) was rejected even though 70% of respondents expressed satisfaction with Jumia's AI cultural alignment (see Figure 12C). H3 failed to achieve statistical significance, indicating an absence of a considerable impact of cultural factors on consumer engagement. This result diverges from Figure 18, in which users indicated a preference for more localised recommendations, particularly for "preferences," "suitable," "consumer behaviour," and "relevant" (see Figure 18). Papić (2023) emphasises that culturally insensitive AI systems may alienate consumers in diverse markets. Participants in this study reported that recommendations frequently appeared to be "generic" and without relevance to local contexts (Figure 18). The significance of cultural alignment is illustrated in Figure 17, which shows a moderate positive correlation (0.33)  between satisfaction and cultural relevance. According to Oladoyinbo et al. (2024), the relevance and effectiveness of AI recommendations are enhanced by the inclusion of cultural indicators, such as local festivals, language preferences, and region-specific products. Gao et al. (2023) and Adekoya et al. (2024) underline how cultural sensitivity builds trust and promotes ongoing customer interactions. 
[bookmark: _Toc189668706]5.5. Privacy Concerns and Trust
[bookmark: _dx_frag_StartFragment][bookmark: _dx_frag_EndFragment]Privacy concerns were identified as a crucial factor influencing confidence in Jumia's AI system. Figure 13a shows that 58% of respondents expressed worries about data privacy; however, 75% of those that viewed Jumia's data policies as transparent reported greater confidence and engagement (see Figure 13b). The findings substantiate the acceptance of hypothesis H11 while rejecting hypothesis H10, indicating that privacy concerns and the perceived control individuals have over their data play a substantial role in shaping user engagement. In contrast, the data reveals that trust does not exert a significant influence on user engagement within Jumia’s AI system, as illustrated in Table 2.
Moreover, Figure 18b highlights concerns regarding the use of personal data for AI recommendations, revealing key themes such as "concern," "privacy," "data," and "security," indicating significant unease regarding the handling of personal information. Additionally, terms like "unauthorised access," "leaking," and "confidentiality" suggest that users worry about the potential misuse of their data. According to Gao et al. (2023), transparency is essential for fostering confidence in AI systems. Adekoya et al. (2024) contend that ethical data practices cultivate trust and engagement. Several respondents suggested that Jumia provide more comprehensive explanations about the use of their data for producing recommendations (Figure 18c). This aligns with Brobbey et al. (2021), which supports the establishment of data utilisation reports to improve transparency. 
[bookmark: _Toc189668707]5.6. Repetitive Recommendations and User Fatigue
Another critical factor of the Jumia AI system is the need for more variety in product recommendations for consumers. There is an indication that more than 30% of respondents perceived the AI recommendation as redundant, leading to user fatigue. Figure 18 confirmed that novelty significantly influences engagement, with qualitative feedback highlighting the need for more dynamic and varied offers (see Figure 13d). Ifekanandu et al. (2023) contend that the effectiveness of AI systems is compromised due to decreased user interest caused by repetitive recommendations. Many respondents often characterised the recommendations as "predictable" or "insignificant," indicating that changes integrating collaborative filtering techniques, new product launches, or seasonal trends are needed (see Figure 18). Dynamic enhancements are crucial for sustaining competition in e-commerce with the incorporation of features like "trending now" or "recently added" products (Papić, 2023; Bag et al., 2021).
[bookmark: _Toc189668708]6. Conclusion and Recommendations
[bookmark: _Toc189668709]6.1. Summary 
The study's findings demonstrate that Jumia's AI-driven personalisation has positively impacted customer engagement and satisfaction, particularly among younger, technologically adept consumers in Nigeria. The influence is not consistently seen across all demographics. Economic considerations affect perceptions of recommendation relevance, with higher-income people deeming them more satisfactory. Cultural relevance and privacy issues emerged as critical factors that needed Jumia's attention. Although the AI system has largely excelled in providing personalised experiences, challenges such as limited diversity recommendations and a lack of transparency regarding data utilisation have been recognised as opportunities for enhancement.
[bookmark: _Toc189668710][image: ]6.2. Recommendations[bookmark: _Toc184216580][bookmark: _Toc185118728]Table 5:Recommendations

[bookmark: _Toc189668711]6.3. Future Research Directions
This research provides valuable insights into AI personalisation in e-commerce, specifically within the context of Jumia’s Lagos-based consumers. However, future research could expand these findings by addressing broader demographic diversity, particularly targeting older consumers (35+) and those in rural regions that may have distinct needs and limited technological access compared to urban, digitally proficient millennials (Bananda & Nwagwu, 2021). Cross-cultural studies in other African markets like Kenya or Ghana could reveal regional preferences. Additionally, research into platform-specific factors, comparing sites like Konga or Amazon, could provide insights into platform-dependent consumer behaviour. Future research should explore how transparency in AI models and user control over personal data influences trust, particularly in areas with high privacy concerns. Moreover, delving into psychological and behavioural segmentation could help understand how trust, loyalty, and shopping patterns influence user engagement with AI recommendations (Amosu et al., 2024). These future directions would enhance AI personalisation techniques to meet the diverse needs of consumers across different markets.
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Key Tools Specific Usage in Analysis

Python

Chosen as the primary language for all data analysis tasks due to its extensive libraries and 

ease of integration. For example, it allowed for seamless scripting of statistical and visualisation 

workflows, such as automating the loading, cleaning, and analysis of survey responses.

Pandas

Essential for data manipulation. Used to load and structure data into DataFrames 

(pd.read_csv()). For example, df.groupby() was used to group satisfaction data by income 

range, enabling demographic breakdowns, and df.dropna() to clean missing values in the 

dataset before analysis.

NumPy

Used for numerical operations, especially in statistical calculations. For instance, np.mean() 

and np.std() were applied to calculate average satisfaction scores and standard deviations by 

demographic segments, helping identify trends in satisfaction across different income levels.

Matplotlib

Core library for creating static visualisations. Used plt.pie() to generate pie charts for gender 

distribution, plt.bar() for visualising shopping frequency on Jumia, and plt.subplots() for 

creating a 2x2 grid layout, making demographic data visually accessible and easier to interpret.

Seaborn

Chosen for enhanced, aesthetically pleasing statistical visualisations. For example, 

sns.heatmap() was applied to create a correlation matrix between satisfaction, engagement, 

and loyalty, revealing underlying relationships. Additionally, sns.boxplot() was used to visualise 

income vs. satisfaction level.

SciPy

Used for statistical testing, including hypothesis testing. Specifically, scipy.stats.ttest_ind() was 

applied to conduct T-tests between high and low trust groups regarding engagement, while 

scipy.stats.pearsonr() tested correlation between digital literacy and acceptance of AI 

recommendations.

Statsmodels

Provided advanced statistical analysis. Utilised statsmodels.api.OLS for regression analysis, 

such as testing if satisfaction level significantly predicts engagement level. MANOVA 

(Multivariate Analysis of Variance) was used to assess the combined effects of cultural and 

economic relevance on customer loyalty.

WordCloud

Applied for text data visualisation. For example, word clouds were generated from open-

ended responses in "Suggestions for Improvement" to identify commonly suggested 

improvements, highlighting terms like “affordability” and “relevance,” which were crucial in 

understanding customer concerns.

Scikit-Learn

Primarily used for preprocessing and scaling. StandardScaler was used to normalise 

engagement and satisfaction levels before running multiple regressions, ensuring consistency in 

scale. Additionally, train_test_split() was applied in exploratory predictive modelling for testing 

factors influencing loyalty.
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Variable Description Count Mean

Std 

Dev

Min 25% 50% 75% Max

Satisfaction_Level

Respondent satisfaction with AI personalised 

recommendations (1 = low, 5 = high)

181 4.12 0.73 3 4 4 5 5

Trust Level

Level of trust in AI recommendations (1 = low, 5 = 

high)

177 4.37 0.84 2 4 5 5 5

Engagement Level

Frequency of engagement with AI recommendations 

(1 = low, 5 = high)

181 3.11 1.03 1 3 3 4 5

Loyalty Level

Loyalty towards Jumia as influenced by AI 

recommendations (1 = low, 5 = high)

178 3.57 0.84 1 3 4 4 5

Cultural Relevance

Extent to which AI recommendations reflect cultural 

realities (1 = not relevant, 5 = highly relevant)

180 3.51 1.04 1 3 4 4 5

Economic Relevance

Extent to which AI recommendations reflect 

economic realities (1 = not relevant, 5 = highly 

relevant)

181 3.49 1.08 1 3 4 4 5

Digital Literacy/Interaction 

Frequency

Level of digital literacy of respondents using the 

frequent interaction (1 = low, 5 = high)

181 3.11 1.03 1 3 3 4 5

Shopping_Frequency Level

Frequency of shopping on Jumia (1 = frequent, 5 = 

infrequent)

181 1.23 0.74 1 1 1 1 5

Infrastructure Limitation

Perceived limitations in infrastructure affecting AI 

recommendations using challenges encountered Vs 

No challenges encountered (0 = encounter, 1 = non 

encounter)

181 0.67 0.47 0 0 1 1 1

Effectiveness Perception

Perceived effectiveness of AI recommendations (1 = 

ineffective, 5 = highly effective)

181 4.12 0.73 3 4 4 5 5

Privacy Concern Level

Concerns about privacy in AI recommendations (1 = 

low concern, 5 = high concern)

180 3.72 0.95 1 3 4 4 5

Relevance Score

Relevance of AI recommendations (1 = extremely 

relevant, 5 = not relevant at all)

180 2.37 1.1 1 2 2 3 5

Improvement Score

Perceived improvement in shopping experience from 

AI recommendations (1 = significant improvement, 5 

= worsen)

180 2.46 1.04 1 2 2 3 5
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Hypothesis Theory/Framework Test Statistic & p-value Testing Method Result

H1: AI recommendations impact 

customer engagement.

r = 0.196, p = 0.008 Correlation Analysis Accepted

H2: AI recommendations influence 

customer satisfaction.

r = 0.188, p = 0.011 Correlation Analysis Accepted

H3: Cultural factors moderate the 

effectiveness of AI 

recommendations on customer 

engagement.

F = 2.5349, p = 0.0418 ANOVA Rejected

H4: Economic factors (e.g., income 

disparity) moderate the 

relationship between AI 

recommendations and customer 

satisfaction.

F = 7.113, p = 2.44e-05 ANOVA Accepted

H5: Consumer trust positively 

correlates with engagement with 

AI-driven recommendations.

t = 0.256, p = 0.798 T-Test Rejected

H6: Higher digital literacy leads to 

greater AI acceptance.

F = 696.086, p < 0.0001 ANOVA Accepted

H7: Infrastructure limitations 

reduce AI effectiveness.

t = -1.398, p = 0.164 T-Test/Chi-Square Rejected

H8: Algorithmic bias affects 

perceived fairness among 

economic segments.

χ² = 0.0, p = 1.0 T-Test/Chi-Square Rejected

H9: Satisfaction (attitude) 

positively influences engagement.

Theory of Planned Behaviour 

(TPB)

Coefficient non-significant, R² = 

0.121

Multiple Regression Rejected

H10: Trust (subjective norms) 

positively influences engagement.

Theory of Planned Behaviour 

(TPB)

t = -1.294, p = 0.197 Multiple Regression Rejected

H11: Privacy and data comfort 

(perceived control) increase 

engagement.

Theory of Planned Behaviour 

(TPB)

Privacy: t = 1.991, p = 0.048; 

Data Comfort: t = 3.407, p = 

0.001

Multiple Regression Accepted

H12: Perceived usefulness 

influences engagement.

Technology Acceptance Model 

(TAM)

Relevance: t = -2.281, p = 0.024 Multiple Regression Accepted

H13: Ease of use (interaction 

frequency) influences engagement.

Technology Acceptance Model 

(TAM)

t = 4.44e+16, p < 0.0001 Multiple Regression Accepted

H14: Economic, cultural, and 

infrastructure factors together 

impact engagement.

Complexity Theory

Wilks’ Lambda = 0.1441, p < 

0.0001

MANOVA Accepted

H15: Economic and cultural 

factors moderate AI effectiveness 

in engagement and satisfaction.

Complexity Theory

Economic: p = 0.0919, Cultural: p 

= 0.0920

MANOVA Accepted
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Hypothesis and Result Critical Analysis

H1: AI recommendations impact 

customer engagement. 

A notable beneficial correlation exists between AI recommendations and user engagement (r = 0.196, p < 0.05).  Gao et al. (2023) posits that 

personalised recommendations enhance user interaction by aligning with human preferences. Refer to Figure 16 (Correlation Matrix) for the identified 

positive connections between engagement, satisfaction, and loyalty.

H2: AI recommendations influence 

customer satisfaction. 

A moderate positive connection exists with satisfaction (ρ = 0.189, p < 0.05).  Ifekanandu et al. (2023) discovered that personalised recommendations 

increase perceived value, hence enhancing satisfaction. Figure 16 depicts the relationship between satisfaction and loyalty, emphasising the significance 

of satisfaction in customer retention.

H3: Cultural factors moderate the 

effectiveness of AI 

recommendations on customer 

engagement. 

The ANOVA test produced an F-statistic of 2.5349 and a p-value of 0.0418, which failed to achieve statistical significance at the conventional level. 

This indicates that cultural characteristics do not substantially influence the relationship between AI recommendations and participation, demonstrating 

uniformity in involvement across diverse cultural backgrounds.

H4: Economic factors (e.g., income 

disparity) moderate the relationship 

between AI recommendations and 

customer satisfaction. 

The ANOVA results (F-statistic = 7.113, p-value = 2.44e-05) demonstrate a significant moderating influence of economic importance on satisfaction. 

Customers that perceive AI advice as economically pertinent exhibit increased satisfaction, underscoring the necessity of integrating recommendations 

with economic considerations.

H5: Consumer trust positively 

correlates with engagement with AI-

driven recommendations. 

The T-test for engagement between high and low trust groups produced a t-statistic of 0.256 and a p-value of 0.798, signifying no statistically significant 

difference in involvement levels attributable to trust. This indicates that customer trust has little impact on participation with AI recommendations, 

suggesting that other criteria (e.g., relevance, usability) may exert greater influence on engagement.

H6: Higher digital literacy leads to 

greater AI acceptance. 

A substantial correlation (F = 696.086, p < 0.001) was identified between digital literacy and AI acceptance, aligning with the results of Olivera and 

Gomez (2021). Individuals possessing advanced digital literacy exhibit greater receptiveness to AI technologies. Jumia might improve digital literacy via 

educational initiatives to foster AI acceptance.

H7: Infrastructure limitations reduce 

AI effectiveness. 

The T-test evaluating the perceived efficacy of AI-driven recommendations at various infrastructure levels yielded a non-significant result (t = -1.398, p 

= 0.164). This suggests that infrastructural limitations do not significantly impact users' perceived effectiveness of AI recommendations. This research 

demonstrates that Jumia's recommendation engine sufficiently maintains consumer satisfaction despite infrastructural limitations.

H8: Algorithmic bias affects 

perceived fairness among economic 

segments. 

No significant effect of algorithmic bias on perceived fairness was detected (χ² = 0.0, p = 1.0); nonetheless, consumers with lower incomes indicated a 

heightened impression of bias. Nkwo et al. (2018) identified analogous biases impacting low-income consumers in e-commerce. 

H9: Satisfaction (attitude) positively 

influences engagement. 

Regression analysis indicates that Satisfaction Level does not significantly affect Engagement Level, resulting in the rejection of this hypothesis. This 

outcome contradicts the Theory of Planned Behaviour (TPB), which posits that favourable attitudes should enhance participation. The coefficient for 

Satisfaction Level was insignificant, and the low R-squared value (0.121) suggests that merely 12.1% of the variance in engagement is accounted for by 

this model, indicating the influence of other variables.

H10: Trust (subjective norms) 

positively influences engagement. 

The regression analysis indicated that Trust Level had no significant effect on Engagement Level, resulting in the rejection of this hypothesis. This 

contradicts the Theory of Planned Behaviour (TPB), which asserts that subjective norms, such as trust in the AI system, should augment involvement 

(Na et al., 2022). The coefficient for Trust Level was insignificant (t = -1.294, p = 0.197), suggesting that users' engagement with Jumia's AI 

recommendations is not influenced by their trust in the system.

H11: Privacy and data comfort 

(perceived control) increase 

engagement. 

The regression analysis confirmed that privacy and data comfort positively influence engagement (Privacy: t = 1.991, p = 0.048; Data Comfort: t = 

3.407, p = 0.001). According to Gold et al. (2024), data control and privacy transparency contribute to higher engagement in emerging markets. These 

findings indicate that providing users with control over their data enhances their engagement with Jumia's AI recommendations.

H12: Perceived usefulness influences 

engagement. 

A notable although negligible impact of perceived usefulness on engagement was reported (relevance score = -1.388e-16, p = 0.024). The elevated R-

squared value (1.000) in the TAM model indicates multicollinearity with interaction frequency, which diminishes the significance of perceived usefulness. 

This supports the Technology Acceptance Model, indicating that although relevance is significant, simplicity of use may exert a greater influence. Jumia 

should improve usability and relevancy to increase interaction.

H13: Ease of use (interaction 

frequency) influences engagement. 

A strong correlation was found between interaction frequency and engagement (coefficient = 1.000, p < 0.001), supporting the Technology 

Acceptance Model (TAM). Ease of use is a critical driver of engagement, indicating that Jumia could further increase engagement by improving 

interface usability.

H14: Economic, cultural, and 

infrastructure factors impact 

engagement. 

MANOVA results (Wilks' lambda = 0.1441, Pillai’s trace = 0.8559, p < 0.0001) demonstrate that economic, cultural, and infrastructure variables 

collectively influence engagement. Complexity Theory posits that varied socio-economic environments necessitate adaptive AI strategies. Jumia might 

improve engagement by adapting recommendations according to users' economic and cultural backgrounds.

H15: Economic and cultural factors 

moderate AI effectiveness in 

engagement and satisfaction. 

Economic (Wilks' Lambda = 0.9731, F = 2.4201, p = 0.0919) and cultural relevance (p = 0.0920) approached significance, indicating a potential 

moderating impact on engagement and satisfaction. Complexity Theory underscores the importance of integrating AI with local environments. 

Additional research using a larger sample size could validate these benefits, as accommodating economic and cultural differences may enhance AI 

personalisation for varied demographics.
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Word Cloud Analysis for Respondents Earning Below #50,000

(A) Challenges or Limitations Experienced with Jumia’s Al Recommendations

challenges encountered
Privacy concerns

personal data 1

diversity o
repetitive Nil
product recommendations Lack

recommendations
Irrelevant recommendations

(B) Suggestions for Catering Better to User Needs

Transfer Incorporate shewing suggest § favoriteconsumers brands select MmNt o 4o
lly ; » 2 along S

omets g =
Pryced : rwell
deee d freauently’ experien @2 birchases
we e ate frequently §EXPEr1ences gpurchas
) o z Sme “naybe
o B " g 3 2R ESHS M scancers W, OPET
e S normal 5 CM-SSMT W i side g
@ s 5[l posting £ B B B cost
5 5%l living S i & E better sales reduce
4 bestl exactl w5 o@ S ot based>
o [l selling sty eSe ectromcst- eencourages & USE 1evel -m S habitse
s opp1n gan;?;’;:’:;' a-
WALT™ )z B
personallzed - algor1thns TR ?elweryknow epeatA]: 3

rice

ortant . recommendatlons
MekINE € e Tount- 10 Come

(C) Additional Comments on Jumia’s Al-Personalised Recommendation System

rioritize

]

i+

]

]

3

<]
maﬁD

o

+

~CL

[

<
mstabﬁkny

time

duct

l ec rease .
1ce

=

satisfactor o
="comment . yrecom endatlon work Y]
L~ avol mp rove N

o Eug’_,lnternet always2 Awesome ::

£ ol iong l nosG Ya =
4 upcate > < S

M T accessible 5 -1 ;‘oo

> Great Q. B5 = <a

L5 Nl l % ﬁ s ;

— - Hmm disappoint

@Nothing

o

©

A

a

1m rav1n
beStsearches
better one Meeting consumer

wn
<
wn
~+ o
1] §)>
3 <
Welldone
O
— .
n-'COI"lI’\eC"ZlO
1




image24.emf
Relevance of 

Recommendations

Personal lifestyle 

alignment, Product 

affordability, Product 

variety

Figure 18A clearly highlights terms such as "product," "recommendation," and 

"preferences,", "relevant," "need," "budget," and "customer," "income level." 

emphasising that users seek recommendations that align with their needs. This 

indicates that users place significant importance on personalised recommendations; 

however, prevalent concerns regarding "price" and "affordability" suggest that 

Jumia's AI must improve its alignment of product recommendations with consumers' 

budgetary constraints. Ifekanandu et al. (2023) argue for the integration of economic 

factors to enhance AI-driven personalisation.

Privacy and Security 

Concerns

Data usage 

transparency, User 

control over data 

sharing

In Figure 18B, there are prominent words such as "concern," "privacy," "data," and 

"security. indicating users' significant unease regarding the handling of their personal 

information. Figure 13A illustrates that privacy is considered a significant concern for 

users. Raji et al. (2024) assert that transparent data practices are essential for 

enhancing consumer trust and engagement in AI systems within emerging markets. 

Terms such as "control" and "security" in Figure 18B underline the importance of 

users having control over their personal data.

Cultural and 

Economic Sensitivity

Reflecting cultural 

norms, Economic 

inclusivity, Price 

sensitivity

Figures 18C and 18A indicate that users often reference terms such as "product," 

"price," "recommendation," "user," "suitable," and "budget." Users expect that AI 

recommendations will correspond with their individual preferences as well as local 

economic circumstances. Oladoyinbo et al. (2024) assert that AI should adjust to 

cultural and economic contexts to enhance consumer trust and loyalty. This study 

indicates that users prefer AI systems that recognise local economic conditions, 

highlighting the necessity for Jumia to modify its AI framework accordingly.

User 

Recommendations 

for Improvement

More user control 

over recommendation 

criteria, Enhancing AI 

accuracy, Adapting to 

personal needs

Figure 18C has many significant terms, such as "control," "recommendation," and 

"accuracy." which indicates that users desire more autonomy regarding their 

recommendations. According to Gold et al. (2024), it is necessary to integrate user 

preferences to achieve more personalised experiences. Users seek AI systems that 

more effectively align with their needs and preferences. Jumia's existing AI system 

could enhance user satisfaction and engagement by providing more user control and 

improving predictive accuracy
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Area Recommendation Rationale

Economic 

Inclusivity

Develop a price-sensitive 

recommendation engine with 

affordable options, price filtering, 

and highlighted discounts.

The findings (Figure 16c) indicated dissatisfaction among lower-income 

demographics due to affordability concerns. It was discovered in Table 4, which 

underscored economic inclusion. According to Brobbey et al. (2021) and 

Adekoya et al. (2024), integrating price sensitivity into AI suggestions can 

enhance user engagement, especially for lower-income consumers in emerging 

economies.

Digital 

Literacy

Simplify the interface with tutorials, 

interactive guides, and user-friendly 

designs for less tech-savvy users.

The findings (Figure 11d) and Hypothesis H6 validated the existence of digital 

literacy disparities, indicating that increased interaction frequencies are 

associated with enhanced digital literacy, which leads to greater AI acceptance. 

These findings correspond with Ifekanandu et al. (2023) and Gold et al. (2024), 

which suggest that intuitive AI systems may enhance user engagement.

Cultural 

Sensitivity

Adapt AI algorithms to incorporate 

region-specific content, including 

local festivals, language preferences, 

and culturally relevant products.

Some of the respondents specifically expressed dissatisfaction with culturally 

insensitive recommendations, as indicated by the findings (Figure 12c) and 

thematic insights from participant feedback (Table 4). Terms like 'relevant,' 

'suggestion,' and 'product' were often cited. According to  Papić (2023) and 

Oladoyinbo et al. (2024), need for cultural sen there is a need for cultural 

insensitivity in AI recommendations.

Transparency 

and Trust

Implement a data transparency 

dashboard and opt-in mechanisms 

for personalised recommendations.

The findings (Figures 15b and 15d) demonstrated that transparency significantly 

reduced privacy concerns, thereby promoting trust. Based on studies by 

Brobbey et al. (2021) and Gao et al. (2023), transparency is essential for the 

establishment of trust.

Recommendati

on Novelty

Enhance recommendation 

algorithms for novelty by integrating 

seasonal trends, new products, and 

collaborative filtering techniques.

User fatigue was identified as a result of repetitive suggestions in the 

respondents' feedback on Jumia AI system concerns (Table 4) and findings 

(Figure 13d). Ifekanandu et al. (2023) and Bag et al. (2021) contend that 

sustained engagement is based on novelty.

Market Reach 

Expansion

Conduct periodic market research 

on economic conditions, cultural 

trends, and consumer preferences 

to refine AI models and expand 

market appeal.

Figure 18 underscores that respondents' input distinctly illustrates the necessity 

of linking AI recommendations with economic and cultural considerations. 

Feedback revealed concerns about affordability and cultural relevance (Figure 

18), which substantiates the argument that consistent market research targeting 

various domains is crucial for enhancing AI models to more effectively engage 

users, especially those from varied economic and cultural contexts,  according to 

Adekoya et al. (2024).

Technological 

Barriers

Enhance mobile compatibility and 

optimise platform performance to 

ensure accessibility for users with 

limited technological resources or 

slower internet speeds.

According to Figure 18 and Figure 16C, some users with restricted 

technological access reported unease regarding the intricacy of the AI system. 

Furthermore, Figure 11d (interaction frequency) demonstrates diminished levels 

of engagement. These findings underscore the necessity for adaptable AI 

systems that accommodate individuals with limited technological access. 

Ifekanandu et al. (2023) underscore the necessity of addressing users' technical 

constraints in implementing AI systems.

Targeting 

Diverse 

Demographics

Develop regional or age-specific 

marketing and engagement 

strategies to diversify Jumia’s user 

base and ensure inclusivity across 

different demographic groups.

The demographic analysis (Figure 9) and qualitative responses (Table 4) 

revealed the under-representation of older and regional consumers. Bananda 

and Nwagwu (2021) support the diversification of user engagement strategies in 

Nigeria's e-commerce sector.
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