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[bookmark: _Toc214613193]CHAPTER 1: Introduction
[bookmark: _Toc214613194]1.1 Background and Context
The last decade has been characterised by the incredible change in the retail business as classical brick-and-mortar structures are transformed into hybrid digital environments that are being accelerated by e-commerce booms and the COVID-19 pandemic. This digital shift, which features the integration of omnichannels and data omnipresence, has placed artificial intelligence (AI) as the foundation of innovation that allows retailers to endure unstable consumer behaviour and supply chain challenges (Cao, 2021). This is reflected in recent surveys: McKinsey 2025 Global AI Survey indicates that now 78% of organisations use AI in at least one of its functions, compared to 65% found in early 2024, with 80% of all retail executives intending full adoption at year-end (DemandSage, 2025). This is reflected by Gartner who estimates that AI-led investments in retail will surpass more than twenty-billion dollars worldwide by 2025 to power efficiency in the face of economic strains (Gartner, 2025).
The key to this increase is AI-based solutions such as sales forecasting systems based on predictive analytics, personalised marketing recommendation engines, systems to predict demand that optimise inventory, and chatbots that create automated customer services (Heins, 2023; NVIDIA Team, 2024). These applications use machine learning to analyse large volumes of data and convert raw data into intelligence. They enable the change of reactive strategies, like manual inventory adjustments, to active ones, like real-time price-setting algorithms that predict demand changes, in the process of decision-making, thus boosting operation agility and future planning (Stone et al., 2020; Oosthuisen et al., 2021). However, even in the wake of the AI boom, there is a gap in knowledge: although its use is booming, there are still limited empirical studies on its subtle impact on retail effectiveness, which still requires further investigation.

[bookmark: _Toc214613195]1.2 Problem Statement and Research Gap
Even with the ubiquitous adoption of AI, retailers are confronting the vague effects of its applications on decisions, in which tools that are supposed to offer accuracy fail in the integration traps with inconsistent results and misplaced strategies. Systematic review of 82 studies by Hein (2023) shows that although AI enhances operational measures such as inventory accuracy by 20-30 percent, a quarter of the literature quantifies the effects of this technology on tactical decision-making, such as supplier negotiations, which creates a gap of causation. The industry reports add to the soundness of this: 53 percent of the participants in the NVIDIA Team (2024) survey of 300+ retailers stated that they are already using analytics, but 34 percent explain the issue by the lack of scalability, such as data silos that undermine the reliability of decisions (KPMG Team, 2025).
This gap is reflected in the disproportional results: the advantages in the form of improved customer experiences, e.g., 35% sales boost due to a recommendation (Cao, 2021), collide with hazards, such as data inaccuracies, which distort forecasts by 15% in the turbulent markets (Fu et al., 2023). The issue of ethical dilemmas also complicates the process of adoption; algorithmic preferences when it comes to prices can continue the problem of inequity, as Gerlick and Liozu (2020) caution, and even lead to legal consequences according to GDPR. Stanciu and Rindasu (2021) point to the risks of mobile apps, in which 28% of users are dissuaded by privacy breaches, and collisions between innovation and trust are evident. These are tensions supported by secondary sources, which unearth some untapped trade-offs, and which warrant specific attention in order to reconcile the potential of AI with reality.

[bookmark: _Toc214613196]1.3 Purpose of the Research
The proposed secondary qualitative research will explain the impact of artificial intelligence (AI) on business decision-making in the retail sector, highlighting such technologies as predictive analytics, recommendation engines, demand forecasting, and automated customer service. It does not need to collect any primary data, but rather synthesises the available academic literature, industry reports, and trustworthy secondary sources to demystify current AI practices without making comparisons between data sets that have been already published to identify patterns in effectiveness, precision and strategic utility (Heins, 2023; NVIDIA Team, 2024).
There are no participants involved, which corresponds to a desk-based research, which focuses on thematic synthesis more than empirical collection. The study provides an objective perspective of AI benefits, including workflow optimisation and customer-based benefits, and challenges, including the consistency of data and information, data fraud, workforce re-education, disruption and distraction of experience. 

[bookmark: _Toc214613197]1.4 Research Question, Aims, and Objectives
The research has the following research question: What role does Artificial Intelligence play in business decision-making in the retail business?
The main aim is to explore how AI technologies can be used to shape decision-making in the retail sectors, which include operational efficiencies, strategic foresight, customer stewardship, inventory management, and performance enhancement (Stone et al., 2020; Mamun et al., 2024). To achieve this aim, the goals are the following ones:

[bookmark: _Toc214613198]1.5 Significance, Scope, and Limitations 
The research is of two dimensions in use due to its practical endowment of knowledge on retailers on AI-driven competitive advantage, decision optimisation in a fluctuating market context (Accenture and Google Cloud, 2025); conceptually, the study fills the literature gap on human-AI symbiosis (Sridhar et al., 2024). Scope is limited to secondary post-2015 literature on retail-focused AI, without including primary empirics or outside industries such as manufacturing. Disadvantages are possible oversight of proprietary knowledge in the published text, as well as the moderate generalisability of qualitative synthesis, but these are compensated by a variety of, more recent citations.

[bookmark: _Toc214613199]1.6 Structure of the Dissertation 
Chapter 1 presents the subject matter in the context of basically setting the scene of AI in the retail sector and the necessity of research. Chapter 2 provides a synthesis of technologies, effects, and issues in literature with thematic review of the same. The second qualitative methodology is described in Chapter 3 and it includes source selection and protocols of analysis. Chapter 4 provides the results of interpretive comparisons, which are organised around objectives. In Chapter 5, the implications are addressed, and gaps are connected to the practical recommendations. The final part of Chapter 6 is provided by contributions, limitations, and future directions, where ethical AI custodianship is recommended to ensure robust retail paradigms. Source matrices are presented in appendices; referencing is in Harvard format.


[bookmark: _Toc214613200]CHAPTER 2: Literature Review
[bookmark: _Toc214613201]2.1 Introduction
The initial objective of the study will be a literature review concerning AI in retail; the second objective will involve the identification of common AI technologies; the third will address how the technologies can influence operational, tactical, and strategic decisions; the final objective will cover associated challenges, risks and ethical considerations that can be made. The literature review includes the secondary sources published between 2015 and 2025 and it is retail-specific to reflect the accelerated changes of AI in the digital transformation.

[bookmark: _Toc214613202]2.2 Existing Studies and Industry Reports on AI in Retail 
Since 2015 academic and industry literature on AI in retail has expanded with the digital shift in the sector gathering pace, as e-commerce booms and post-pandemic supply chain disruptions drive the digital transformation of this sector. This literature highlights how AI can transform the decision-making process, both in efficiency and in strategic insight, but also lays bare endemic conflicts between idealistic promise and real-world challenges, including integration expenses and ethical lapses. Primarily, early work in this area, such as that by Stone et al. (2020), who describe an AI research agenda in strategic marketing decision-making, highlights hybrid human-AI models as the means of reducing black-box opacities, where the initial assumptions are criticised as assuming that the outputs of AI algorithms necessarily improve intuition without effective interpretability processes. Their qualitative synthesis of marketing models is also theoretically sound but restricted by absence of empirical retail case studies and makes empirical studies that would test these postulations in context-specific circumstances to follow.
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[bookmark: _Toc214613187]Figure 1 ai Decision Making
Source: (Stone et al., 2020)
Elaborating on this, Cao (2021) generalises logics of value creation of AI in retail by asserting that there is a paradigm shift between transactional and relational models of data-driven personalisation in which case-studying such as recommendation rules used by Amazon, which allegedly increased sales by 35%. The maxim is the conceptual clarity of Cao, which describes the role of AI in enhancing customer lifecycle management, but flaws also arise regarding the applicability of the concept globally: the analysis does not identify cultural differences in data privacy standards, which can be witnessed in the European and Asian markets, and which might overgeneralise the assertions. Equally, the article by Oosthuisen et al. (2021) is a mapping of the AI-enabled value chain in retail, emphasising the role of automation in the supply chain transparency, considering the example of South African retailers cutting costs by 20 percent through predictive tools. Their mixed-methodology (interviews and simulations) provides methodological balance, although it presupposes the high degree of digital maturity, which is not consistent with the evidence presented in the emerging economies with the lagging infrastructure that impedes adoption.
New empirical studies elaborate on these roots with quantitative validations becoming important. In a systematic review of 82 articles, Hein (2023) finds the central role of AI in improving customer experience and operational responsiveness (including computer vision-based in-store analytics) but criticises the over-use of descriptive case studies (68% of samples) by the field to make causal inferences on long-term outcomes of decisions (including sustained ROI). This gap in the methodology is also reflected in Fu et al. (2023), who utilise structural equation modelling on 312 Taiwanese retailers to demonstrate the perceived usefulness (b=0.45) as the best predictor of AI adoption in inventory decisions, influenced by organisational readiness (b=-0.28). The rigour of their survey-based surveys enhances the generalisability of their studies in the Asian-Pacific settings, but the assumptions of linear association do not give the importance such situations as nonlinear disruption such as cybersecurity attack which recent experiences have increased.
Moreover, MYKYTENKO and RZAIEVA (2024) discuss the application of AI in commodity science in retail and provide a qualitative study of Ukrainian case studies, showing that 25% can be improved with the help of machine learning in forecasting the lifecycle of products. Incorporation of engineering views is impressive, yet it is restricted by the study as it is regionalised and therefore cannot be transferred under generalised geopolitical conditions due to volatility of markets. To add to this, Rainy and Chowdhury (2022) examine the topic of AI in performance assessment of suppliers in digital retail supply chains and conduct a synthesis of 45 models to promote strategic decision-making frameworks that eliminate procurement errors by 18 percent. Their meta-analytic methodology reveals an agreement on the predictive superiority of AI but their results show contradictions such as simulations based studies exaggerate the benefits 12% higher than field trials, which is why hybrid validations are necessary.
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[bookmark: _Toc214613188]Figure 2 Consumer-Packaged Goods and AI Agents
Source: (Akira.ai, 2024)
Industry reports introduce pragmatically vital energy, which is the benchmarks that operate out of practitioner lenses. According to the NVIDIA Team (2024) annual report, survey of more than 300 retailers and consumer packaged goods (CPG) firms, 53% of them are currently using AI to gather insights into their stores such as queue management in 2024 with forecasts of 89% actively using or in pilot use in 2025 propelled by generative AI to achieve hyper-personalised experiences. This positive trend (only 82% in 2023) is a scale strength, leveraging proprietary data to measure revenue improvements (up to 22% in personalised marketing), however, the optimism of the report premises on the assumption that scalability is consistent, excluding small to medium enterprises (SMEs) in need of infrastructure shortfalls, with 34 per cent of the respondents cited as having budgets. On the same note, Accenture and Google Cloud (2025) sheds light on 46 percent potential task automation through large language models, founded on consultation with global retailers, predicts 15 percent revenue increase through AI-coordinated omnichannel approaches, but underestimates shadow IT risks, in which unauthorised tools are spreading in 28 percent of companies, according to their study.
The KPMG Team (2025) AI-enabled retail transformation blueprint identifies data silos (common in 27% of operations) as an impediment to decision velocity, recommending federated learning to overcome those, with 19% efficiency gains in support of the European case studies. Its practical frameworks are outstanding in eliminating theory-practice gaps, but self-reported measures are prone to inflation, similar to contingents of the SAS Institute (2022) benchmark, which boasts of Walmart AI inventory systems reducing stockouts by 30 percent, a great story, but which is anecdotal ROI with no third-party audits, and thus prone to overgeneralise to non-hyper-scale retailers.
According to data published by Statista (2025), and incorporated in Heins (2023) and updated surveys, 70% of large retailers will have implemented AI by 2023 (compared to 40% in 2019), driving omnichannel turns, 35% using computer vision at scale to visual merchandise. This is supported by a McKinsey 2025 State of AI report that reports that two-thirds of retailers who are allocating more budget to generative AI are focusing on decision-support in supply chains. Bibliometrically, Ruiz-Real et al. (2021) observe a 300% increase in publications since 2018, with operations (45%) and ethics (12 to 12) having the greatest share, whereas Haldar et al. (2025) include macroeconomic analytics, modelling the AI contribution to GDP (1.2% uplift through data-driven pricing) on US retail data whose econometric assumptions ignore the difference in inflation.
In comparison, the theoretical arguments are preemptive in academic sources, Stone et al. (2020) and Al-Surmi et al. (2022) argue about the use of hybrid strategies, with the latter combining optimisation algorithms to achieve 22% gains in operational performance, criticising silo-based implementations, which disintegrate decision hierarchies. Evidence bases clash with each other, academics prefer controlled experiments (e.g., simulation of fashion supply chains in Pereira et al., 2022, cutting 25% of it), industry prefers pragmatic cases (AI correlating sales with externalities 15% revenue spike: Cisco Team, 2023). It is this duality that makes reports such as Honeywell Team (2025) so actionable via statements such as automating shopping experiences, but the causality in the research is the reason academic rigour has an advantage.
Pre-2020 literature (e.g., Vogl et al., 2020, on algorithmic bureaucracy) focuses on benefits, with Heins (2023) estimating only 15 per cent of literature that considers the presence of biases, which are realised in discriminatory pricing, as Gerlick and Liozu (2020) break down the traps in legal audits, assuming ethical neutrality that are refuted in practice. Unexplored inhibitors have been identified in recent reports: data privacy (GDPR compliance loopholes in 22) and SME inequities, where they are 40 points behind enterprises. Prasanth et al. (2023) and Badmus et al. (2024) note the lack of competencies, 38% of managers are not trained in AI literacy, which does not correlate with the optimistic arguments of scalability.
This is not only a synthesis of the depth of the academia versus the breadth of industry, but it is the confirmation of the consensus on the uplift of the operations of AI (e.g., 72% cost savings, AMD Research Team, 2025) though does mark the areas of conflict on fair and ethical implementation. New trends, such as the 55 percent jump in investment by generative AI (McKinsey, 2025), indicate tendencies to collaborative ecosystems, but not well analysed in SMEs or multicultural settings. These gaps, methodological, ethical and contextual, warrant the analysis of this dissertation, whereby secondary synthesis is placed to curb chasms between theory and practices in making finer, adaptive retail decisions.

[bookmark: _Toc214613203]2.3 Types of AI Technologies Commonly Used in Retail Decision-Making 
Retail decision-making AI technologies are united around four main types, namely predictive analytics, recommendation engines, demand forecasting systems, and automated customer service, all of which use machine learning (ML) and natural language processing (NLP) to support human judgment. These tools have been synthesised in Heins (2023) and reflect 60-80% of deployments according to NVIDIA Team (2024) surveys, but the level of effectiveness depends on the quality of the data, exposing assumptions of seamless integration that are usually not tested in a variety of retail settings.
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[bookmark: _Toc214613189]Figure 3 Retail Predictiev Analytics
Source: (Kom, 2024)
Hyper-personalisation through recommendation engines works with 47 per cent of retailers (NVIDIA Team, 2024) and 65 per cent of consumers claim higher levels of convenience (AMD Research Team, 2025). The prevalence of predictive analytics is already dominating over operations, with 53% of stores adopting analytics (NVIDIA Team, 2024), which would allow the company to achieve 20-30% accuracy improvements in sales forecasts (Cao, 2021). Nevertheless, these figures conceal the inequities; Fu et al. (2023) criticise over-optimism rates, as the amount of Asian retailers who can get ROI is only 51 percent because of siloed statistics, whereas Western companies such as Walmart achieve 30 percent stockout cuts (SAS Institute, 2022).
Recommendation engines are used with predictive analytics in the model of dynamic pricing, such as in Pereira et al. (2022), where AI is used to simulate customer personas and reduce overproduction by 25 percent, which has strength in simulation fidelity but weaknesses in generalisability outside of e-commerce. Equally, demand forecasting complements automated service through NLP creating closed-loop systems; Sharma et al. (2023) use technology acceptance models to predict the adoption of autonomous check outs to 500+ consumers where perceived ease-of-use (b=0.38) but does not align with Oosthuisen et al. (2021) who point to contextual limitations of NLP in multicultural environments with all data expressed in a homogenous language.
Importantly, these technologies suppose that the datasets are unbiased, which is a weakness of Heins (2023), as 70 percent of studies in the research do not consider demographic biases that create discriminatory suggestions. New synergies, such as generative AI overlays (Accenture and Google Cloud, 2025), are promising holistic systems, e.g. Cisco Team (2023) writes of AI matching sales data with external trends at 15% increases, but demand strong infrastructure, which older literature (Gandomi and Haider, 2015) does not address. Trends are identified: efficiency around the efficiency (e.g., 72% cost reductions, NVIDIA Team, 2024) seems to be agreed upon, or discrepancies between the applicability of SMEs expose this review to dive into decision-level integrations.

[bookmark: _Toc214613204]2.4. AI's Influence on Operational, Tactical, and Strategic Business Decisions
AI severely changes the decision-making processes of retailing up and down hierarchies, increasing accuracy and disrupting old values. The most direct beneficiary of operational choices, day-to-day strategies such as inventory and prices, are lessened by predictive tools 15-20% (Al-Surmi et al., 2022). Brau et al. (2023) adjoin the people-analytics-AI models within the digital supply chains, reporting 25 per cent efficiency improvement through real-time dashboard usage, but criticising overreliance on quantitative performance indicators, at the expense of qualitative employee feedback increasing the adoption.
Intermediate plans, capitalise on synergies to take specific actions. By using AI business intelligence to harness the customer data, Mamun et al. (2024) optimise assortment and improve margins by 10-15 percent in digital chains, which is a methodological strength in mixed-methods validation, but assumes that data liquidity, which is largely influenced by the frictions of legacy systems (KPMG Team, 2025). An example of dynamic pricing, advised by recommendation engines, is this 18% increase in revenue, analysed by Gerlick and Liozu (2020), who have discovered algorithms that are not only effective in boosting revenues but also cause issues of transparency that undermine trust.
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[bookmark: _Toc214613190]Figure 4 Cao, 2021
Source: (Cao, 2021)
Artificially intelligent strategies help create a futuristic view, and the generative models can simulate market entry scenarios (Accenture and Google Cloud, 2025). Sridhar et al. (2024) introduce a framework of human-AI collaboration in intelligent retail to introduce explainable AI to ensure the alignment of decisions with ethics and produce strategic pivots 30 percent faster with limited possibilities due to pilot-scale testing. Stone et al. (2020) agenda goes further and proposes AI as a tool in scenario planning, yet premature beliefs of managerial upskilling collide with looming trends in talent preparedness (NVIDIA Team, 2024, 38% cite skills shortages).
Business efficiency (72% cost reduction, AMD Research Team, 2025) trickles down to business agility and business innovation (82% competitive advantage, KPMG Team, 2025). Over-reliance conflicts, where Al-Surmi et al. (2022) combine strategies to improve performance by 22% but express methodological bias in studies that have most simulated and none have field trials. Such gaps as unexplored contexts of SMEs (Heins, 2023) and post-pandemic resilience are gaps that justify the focus of the given study on balanced integration.

[bookmark: _Toc214613205]2.5 Challenges, Risks, and Ethical Considerations in AI Adoption
The introduction of AI to retail increases risks, both in the form of data inaccuracy and ethical traps, balancing the positive outcomes. Data quality concerns and silos (27%), biases, compromise forecasting accuracy, with 60% of the studies reviewed by Heins (2023) finding poor forecasting of datasets that have not been validated, and he finds that skewed decisions are made due to these biases and silos, 10-15 percent (KPMG Team, 2025). Integration barriers negatively affect operational effectiveness, with 21% of budgetary limitations being mentioned (NVIDIA Team, 2024).
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[bookmark: _Toc214613191]Figure 5 Challenges of AI Implementatio in Retail
Source: (KPMG Team, 2025)
Ethical considerations take the upper hand: the use of algorithms in pricing, creating inequities (Gerlick and Liozu, 2020), with the assumption of no discriminatory practices, yet producing discriminatory results, as in the consumer models of Sharma et al. (2023), where 35% of the population is afraid of privacy concerns. A lack of competency among employees only worsens this; 38% of them are not AI-literate (AMD Research Team, 2025), and deskilling can be a consequence of the reskilling urgency (Accenture and Google Cloud, 2025). Though personalised, customer experience leads to surveillance backlash (Oosthuisen et al., 2021).
There are cyber vulnerabilities (27 percent, KPMG Team, 2025) and non-compliance with the regulations (GDPR fines). Ethical frameworks and bias audit and transparency are required as mitigation (Sridhar et al., 2024), but loopholes exist: there are 18 studies on ethics (Heins, 2023), which does not correspond to the demand to impose human supervision (Stone et al., 2020). Such an imbalance underscores the importance of adjustive measures.



[bookmark: _Toc214605539][bookmark: _Toc214613206]CHAPTER 3: Methodology
[bookmark: _Toc214605540][bookmark: _Toc214613207]3.1 Introduction to the Methodology
The main objective of the dissertation is to explore the effects of artificial intelligence (AI) on business decision-making within the retailing sector with a particular focus on the operational, strategic, and ethical aspects. This chapter outlines secondary qualitative research methodology on which the study is based. Being a desk-based investigation, it integrates research on the topic to explain the subtle impacts of AI without the production of primary data. The reason is to clearly describe the design, data agreement, and examination, and to guarantee the methodological caution and repeatability and conform to the interpretivist paradigm to provide contextual profundity.

[bookmark: _Toc214605541][bookmark: _Toc214613208]3.2 Research Design and Philosophical Approach 
The given research design is a qualitative secondary research, which implies the systematic review of the literature to examine the interpretive effects of AI on retail purchase decisions (Braun and Clarke, 2022). Based on an interpretivist/constructivist position, it states that knowledge is founded on subjective constructions of social phenomena, and the effects of AI on strategic foresight are therefore comprehended through various textual stories instead of positivist measures (Byrne, 2022). The methodology matches the complexity of the topic in which the value of AI depends on the specific context ethically and organisationally, so that its benefits such as efficiency gains and risks such as bias are investigated reflexively. The paradigm is used to interpret by focusing on reflexivity among the researcher and emergent themes, which would reflect the lived experiences of the stakeholders in the transformations of retail.

[bookmark: _Toc214605542][bookmark: _Toc214613209]3.3 Data Sources 
The data source will include peer-reviewed academic publications (e.g., International Journal of Retail and Distribution Management), industry reports by consulting companies (e.g., McKinsey and NVIDIA), and case studies of reputable sources (e.g., Gartner and Deloitte). They were chosen due to their applicability to AI-retail intersections, which provide both theoretical richness (e.g., value creation logics) and practical information (e.g., adoption benchmarks) (Cao, 2021; Heins, 2023). The credibility is based on strict peer-review and empirical basis, thus making sure there are balanced views. Scope to 2015-2025 publications that are focused on retail, that include post-deep-learning evolutions, but not tangential sectors, to be precise.

[bookmark: _Toc214605543][bookmark: _Toc214613210]3.4. Search Strategy 
The databases of Google Scholar, EBSCOhost, JSTOR and ProQuest were used as the search strategy as it provides the best coverage of academic and grey literature. Some keywords included artificial intelligence OR machine learning AND retail decision-making OR supply chain optimisation AND ethical challenges OR adoption barriers, which were narrowed down using Boolean operators. Time period: 2015-2025, which will bring around 500 preliminary results. The PRISMA-adapted flow was used in the form of screening: identification (n=500), screening (n=250 after eliminating duplicates), eligibility (n=120 full-texts), and inclusion (n=50). This guaranteed the quality and relevance of corpus.
Furthermore, The inclusionand exclusion criteria, based on systematic review protocols (Terry et al., 2017), are used to ensure a narrowed yet defensible sources reducing bias (See Appendix table 001).

[bookmark: _Toc214605544][bookmark: _Toc214613211]3.5. Source Selection, Screening, and Quality Assessment 
In order to be transparent, the PRISMA adapted flow was used to select the sources, as illustrated in the diagram below: identification was done to get 412 records of databases; pre-screening removals were done after which 250 abstracts were screened, 130 of which were irrelevant and were excluded; 120 full texts were sought to be retrieved, 80 of which were not retrieved; 40 full texts were then eligibilised and 22 were excluded. 
CASP checklists were used to appraise quality based on methodological soundness (e.g., surveys validity), relevance (linkage between AI and decision-making), and credibility (impact of citation >10) (Heins, 2023). This is done by giving importance to the element of trustworthiness and thus facilitating a strong synthesis though accepting the pragmatic usefulness of grey literature to practical utility. This table is the operationalisation of the criteria of 3.4, where 18 sources passed all the thresholds after screening.

[bookmark: _Toc214605545][bookmark: _Toc214613212]3.6. Data Management 
The management of literature was handled with Zotero as the bibliographic tracking tool where RIS files of databases are imported to the central repository to keep the metadata and full-text PDF files. Organisation entailed thematic folders (e.g., "Operational AI," "Ethical Risks") that were cross-referenced using sub-tags and annotated using highlights and notes to emergent patterns. The version control followed revisions based on the exported files which are dated and hence, can be audited. Storage was on university GDPR compliant servers and end-to-end encrypted and two-factor authentication which is resistant to unauthorised access. This methodology is comparable to digital ethnography protocols (Wolgemuth et al., 2024) and can help to retrieve data efficiently and keep it intact during analysis.

[bookmark: _Toc214605546][bookmark: _Toc214613213]3.7. Data Analysis Method 
Inductively derived patterns based on the secondary texts were obtained through thematic analysis as the method of deriving a pattern, as per a reflexive framework by Braun and Clarke, ideal in terms of inductive depth when conducting a literature review (Braun and Clarke, 2021). The stages were: (1) familiarisation - immersive reading and memoing of first impressions; (2) initial coding - generating descriptive codes (e.g., "strategic synergies" by semantic mapping); (3) theme construction - clustering into latent themes such as strategic synergies by semantic mapping; (4) refinement - checking against objectives, discarding redundancies through researcher triangulation. Comparison was applied between the themes across sources (e.g., 25% efficiency gains) between academic and reports, to portray consensuses (e.g., 25% efficiency gains) and divides (e.g., SME barriers). Matrices were used to synthesise themes. Reflexivity journals that documented interpretive decisions provided a sense of consistency, which minimised subjectivity according to the tenets of constructivism (Byrne, 2022). This approach is flexible enough to take into account the multifaceted effects of AI, which produced consistent stories to Chapter 4.

[bookmark: _Toc214605547][bookmark: _Toc214613214]3.8. Ethical Considerations
Ethical integrity focuses on publicly accessible secondary data, which eliminates risks to human participants and does not involve any IRB approval. Intellectual property is sanctified through proper paraphrasing and using Harvard referencing, not plagiarism. Research also supports transparency in prejudices and restrictions, which would guarantee non-maleficence. It is an independent project, which, in a way, conforms to institutional codes, as it focuses on honest interpretation to develop fair AI discourse without damaging it.

[bookmark: _Toc214605548][bookmark: _Toc214613215]3.9. Conclusion 
In conclusion, the research aim is fulfilled using this secondary qualitative methodology through thematic synthesis of plausible sources rigorously, connecting theoretical and practical AI knowledge. It guarantees equal reflexive investigation of the retail decision-making dynamics. This groundwork moves easily to Chapter 4, in which the findings shed light on the innovative but disputed role of AI.


[bookmark: _Toc214605549][bookmark: _Toc214613216]CHAPTER 4: Results and Discussion
[bookmark: _Toc214605550][bookmark: _Toc214613217]4.0 Overview 
This chapter reports findings of the thematic analysis performed in Chapter 3, which synthesised 20 secondary sources (14 academic and 6 industry reports) to answer the research question about the effects of AI in the decision-making process of retail business. Results are presented in a thematic manner, showing the emergent patterns of the reflexive interpretation adoption patterns, types of technology, influences on decisions and challenges/ethics. Instead of dividing the outcomes of a study, the chapter incorporates them into the discussion, permitting the critical juxtaposition of empirical data to the theoretical implications to shed light on such aspects as the operational precision against the ethical tensions. This mixed methodology, which fits the interpretivist paradigms (Braun and Clarke, 2022), enables a unified story that not only documents synthesised insights but also challenges their ramifications on the practice in retail. The chapter has connected themes with the four objectives to explain the transformative power of AI and unveil loopholes, which will lead to suggestions in Chapter 5.

[bookmark: _Toc214605551][bookmark: _Toc214613218]4.1 Results
[bookmark: _Toc214605552][bookmark: _Toc214613219]4.1.1 Theme 1: AI Adoption Trends in the Retail Industry 
The adoption of artificial intelligence in retail has gained momentum in the last ten years as a result of the digital transformation, growing the availability of consumer data and the need to be competitive, which leads to the need to optimise operations and have closer interactions with its customers (Cao, 2021; Heins, 2023). The literature indicates a strong upward trend on adoption especially among large-scale retailers who usually have access to infrastructure and capital to deploy advanced AI systems. An example is that NVIDIA Team (2024) states that more than three-fifths of large retailers have already implemented AI in at least one of their core functions, and are expected to capture over 85 percent of all by 2025 due to its use in predictive analytics, inventory optimisation, and customer service automation. On the same note, Accenture and Google Cloud (2025) note that world retailers are investing more and more in generative AI to deliver experiences across the omnichannel, that customer data streams are being combined to make both tactical and strategic choices.
Reasons to be adopted go beyond the efficiency of its operations and include customer-centric innovation and strategic foresight. According to Heinrich (2023), there are three key drivers, namely, the need to make decisions more accurate, minimise costs related to manual processes, and increase personalised customer experiences. In practice, predictive analytics and recommendation engines enable retailers to predict changes in demand and optimise inventory, chatbots and autonomous service platforms enhance responsiveness and interaction (Fu et al., 2023; Mamun et al., 2024).
Although these trends exist, there is a significant difference between the adoption of large retailers and SMEs. Although large organisations gain access to economies of scale, SMEs tend to face several challenges that include substantial initial investment, lack of qualified AI professionals, and disjointed data infrastructure (KPMG Team, 2025). According to Cisco Team (2023), SMEs have piloted AI solutions only in 34% of cases mostly due to the cost and scale factor. The regional differences also appear: North American and European retailers show more adoption rates because of the developed digital infrastructure, and developing markets especially in Africa and Southeast Asia are behind because of the lack of connections, and the undeveloped AI infrastructure (Oosthuisen et al., 2021).
Contextual influences, such as regulatory frameworks and cultural orientations to data privacy, also influence adoption patterns. An example is that the enforcement of the GDPR in the EU requires a strong data governance aspect, which will affect the implementation of AI concerning personalisation by retailers (Gerlick and Liozu, 2020). On the other hand, in places where the privacy policy is not as strict, retailers tend to be more aggressive in their marketing and inventory approaches using AI. 

[bookmark: _Toc214605553][bookmark: _Toc214613220]4.1.2 Theme 2: Operational Decision-Making Enhancements 
The AI has significantly changed operational decision-making in retail, and predictive analytics, inventory optimisation systems, and real-time analytics platforms have allowed to make operations more precise, efficient and agile. Retailers can predict demand more precisely and avoid reactive adjustments in stock with predictive analytics, which relies on machine learning algorithms. To illustrate this point, Fu et al. (2023) state that AI-based forecasting systems enhance the accuracy of sales predictions by 20-30-percent and allow companies to optimise inventory and match it to consumer demand. Equally, Pereira et al. (2022) illustrate that retailers who apply AI-based customer models in fashion are able to optimise stock levels, thereby cutting down overproduction by 25% and waste reduction.
The use of inventory optimisation systems is on the rise in attempts to streamline the procurement and the supply chain processes. Al-Surmi et al. (2022) note that real-time selling and inventory data are included in AI-based applications, which allow making dynamic replenishment decisions and reduce stockout rates. It also has been reported that large retailers, including Walmart, can reduce their inventory stockouts to up to 30% with the help of AI-assisted inventory management (AMD Research Team, 2025). Real-time analytics is also an upgrading of the operations, as it gives the dashboards which monitor performance indicators in stores and warehouses. Brau et al. (2023) state that the use of AI in supply chains in combination with people-analytics systems may result in efficiency improvements of up to 25, which is why AI and its use in tracking human and material resources are beneficial.
That is not only these operational tools enhance efficiency, but also decrease errors and wastage of resources. The AI algorithms identify the anomalies in sales, supply chain disruptions or inventory discrepancies and the managers can make corrective decisions before things go wrong. Mamun et al. (2024) note that AI business intelligence contributes to scenario testing and what-if analysis that allows managers to make quality tactical choices that would compromise between cost, the level of service, and customer satisfaction.
Automation of routine processes can be used in day-to-day activities. Orders distribution, replenishment based on demand, stock rotation are now all tasks that can be handled with minimal human intervention and all the staff can now concentrate on strategic or customer-facing roles. As Honeywell Team (2025) says, this type of automation helps to maintain stable quality of operations and speed up the process of making decisions. Nevertheless, smaller retailers still have their problems; KPMG Team (2025) mentions that an SME encounters numerous integration issues because of the lack of legacy systems, a small budget, and human resource upskilling requirements, which hinder the complete reap of operational benefits.

[bookmark: _Toc214605554][bookmark: _Toc214613221]4.1.3 Theme 3: Customer-Centric Decision-Making  
The use of AI has also largely transformed customer-focused decision-making, mostly in the form of recommendation systems, chatbots and segmentation tools that enable retailers to customise the customer experience and streamline the customer experience. Machine learning-driven recommendation engines analyse customer behaviour, their purchase history, and browsing history and recommend products that best fit the customer. According to Cao (2021), up to 35% of sales can be increased using such systems, which proves that AI has a concrete effect on sales and interaction with customers. On the same note, Pereira et al. (2022) demonstrate that the combination of AI-based persona modelling facilitates the creation of specific marketing campaigns that enhance the conversion rates with minimal marketing waste.
Chatbots and automated service platforms add value to the customer experience by responding to questions instantly, addressing customer concerns, and leading the customer to make sales. According to Sharma et al. (2022), autonomous decision systems based on AI enhance perceived convenience, and 65% of users state that they experience a faster response and a smoother experience in online and mobile retail environments. According to Fosso Wamba et al. (2024), the use of the chatbots is also feasible to serve complex queries, promoting individualised suggestions and cross-sale opportunities thanks to the generative AI, which enhances loyalty and repetition of buying behaviour.
The retailers can use segmentation tools to target customers on the basis of behavioural, demographic or psychographic factors and make decisions about pricing, offers and location of their products. Mirza et al. (2025) show that due to the enhanced precision in targeting, the AI-based segmentation raises the engagement rates and promotes the success of the promotional campaigns. It is also able to use this capability to make dynamic and real-time changes to their marketing strategies regarding the changing trends of customers.
Customer-centric AI does not limit the level of engagement to business results. According to AMD Research Team (2025), retailers that used recommendation systems and chatbots enjoyed the uplift of sales by up to 22 percent and loyalty index by higher levels. Nevertheless, ethical and privacy factors play a vital role; Gerlick and Liozu (2020) warn that a high level of personalisation can become the root of the problem, causing suspicions of surveillance or discriminatory prices, which can destroy trust. Stanciu and Rindasu (2021) also observe that mobile shopping applications based on AI have a risk of scaring away users in case of a lack of privacy guarantees, and 28% of customers expressed worry about misuse of their data.

[bookmark: _Toc214605555][bookmark: _Toc214613222]4.1.4 Theme 4: Strategic Decision-Making and Long-Term Planning
Strategic decision-making in the field of retail is even more and more supported by AI that helps to improve pricing strategies, market prediction, and resource distribution. Machine learning-based dynamic pricing algorithms are used to predict competitor prices, past sales and consumer behaviour in order to maximise revenue and profit margins. According to Gerlick and Liozu (2020), AI-based pricing concepts can generate up to 18 percent more revenue, but they warn that non-transparent algorithms have the potential to create bias or transparency loss, which will negatively impact customer confidence. In the same light, Mamun et al. (2024) note that the implementation of AI in strategic planning helps retailers to make precise investments in terms of product assortment, store expansion, and prioritisation of investments in an improving long-term competitiveness.
Independence: AI and market forecasting AI are useful because it is capable of working with large amounts of data and modeling outcomes. Predictive models involve the use of sales trends, macro economic indicators, and external shocks to produce future looking information, enabling the executives to estimate demand volatility and supply chain shocks. Stone et al. (2020) observe that AI-enhanced strategic foresight helps firms to experiment with different paths and resource allocation without taking risks. Ruiz-Real et al. (2021) continue by stating that the introduction of AI can be used to speed the decision-making process by converting raw information into practical intelligence and adding the distance between operational analysis and strategic planning.
Simulations and optimisation models based on AI are becoming more informed in resource allocation decisions. The article by Fosso Wamba et al. (2024) discusses the capabilities of generative AI to simulate staffing, inventory allocation, and promotional budgets to give the project optimal returns, and reduce wastage. This will enable strategic teams to dynamically reassign resources based on the market signals to make them responsive without jeopardising the long-term goals. According to NVIDIA Team (2024), retailers who use such AI tools accomplish as much as a 30-percent efficiency increase of operations that area directly conveyed into strategic decisions.
Notwithstanding these benefits, strategic adoption will depend on the organisational preparedness, quality of data and interpretability. Smaller retailers and those in emerging markets experience difficulties in implementing AI to strategic planning because of poor knowledge and infrastructure (KPMG Team, 2025).

[bookmark: _Toc214605556][bookmark: _Toc214613223]4.1.5 Theme 5: Challenges, Risks, and Ethical Considerations
The implementation of AI in retail comes with the major challenges, risk factors, and the ethical concerns that have the potential to affect the decision-making process. The issue of data bias is a very critical issue because predictive models that are trained on biased datasets can make biased decisions, which unintentionally strengthens the inequality or leads to false strategic decisions (Heins, 2023). According to Fu et al. (2023), data quality, and siloed information systems decrease the effectiveness of AI and cause forecasting and inappropriate operational responses. There are also issues of privacy and transparency; Gerlick and Liozu (2020) state that it is necessary to observe the GDPR and other regulations, whereas Stanciu and Rindasu (2021) note that consumers fear being targeted by data collection, which may harm the trust and interaction.
Another obstacle is related to skill shortages. According to the report by AMD Research Team (2025), 38% of retail managers are not well versed in AI and are therefore unable to comprehend the outputs and make decisions based on them. This is coupled with the high cost of implementation of AI and continual maintenance, which impose limitations on scalability, especially with SMEs (KPMG Team, 2025). Regarding the human aspect of adoption, Honeywell Team (2025) notes that automation may contribute to resistance to change and deskilling without the adequate workforce upskilling that is required.
The ethical aspects are applied to the transparency and fairness of algorithms. The black-box models are efficient but may result in the clouding of the decision logic that makes it difficult to account for pricing, promotions, and customer treatment (Stone et al., 2020). Sharma et al. (2022) indicate that the explainable AI is crucial in order to promote the understanding and confidence of stakeholders to the recommendations of the system. Moreover, overuse of AI in terms of strategic or operating choices may increase risks in case of inadequate oversight, which explains the importance of governance frameworks that would allow balancing innovation and responsibility.

[bookmark: _Toc214605557][bookmark: _Toc214613224]4.2 Discussion
[bookmark: _Toc214605558][bookmark: _Toc214613225]4.2.1 Review of Existing Studies and Industry Reports on AI in Retail
The results indicate that there is an apparent rapid adoption of AI in the retail industry with major retailers being at forefront in AI adoption in contrast to SMEs. The tendency is an indication of variations in organisational preparedness, capacity of the infrastructure, and availability of resources. Operational optimisation, predictive analytics, dynamic pricing, and customer engagement platforms are also AI-based applications used by large retailers, showing a coherent approach to both the tactical and strategic decision-making (NVIDIA Team, 2024; Accenture and Google Cloud, 2025). In line with Heins (2023), the findings imply that the enablers of successful integration of AI include digital maturity, data-driven culture, and organisational capabilities.
The statistics indicate that there is an imbalance in technological preparedness. The cost of implementation is high, skills are scarce, and data systems are fragmented to allow a full-scale implementation of AI in SMEs (KPMG Team, 2025; Cisco Team, 2023). This finding resonates with the scholarly perspective that the context-specific aspects, including firm scale, local infrastructure development, and business governance systems, have a strong impact on the effectiveness of AI (Oosthuisen et al., 2021). Also, adoption depends on regulatory and cultural differences.
These results point to the industry-academic difference in thinking. The practical potential of AI is reflected in industry reports, which tend to focus on quantifiable improvements, like an increase in revenue and efficiency and integration via the omnichannel. Conversely, scholarly literature poses a critical question to the process of adoption, with its obstacles such as ethical issues, skill deficiencies, and the quality of data being addressed. The critical implication is the retailers should strike the balance between fast technological integration and cautiousness to the organisational, ethical and regulatory considerations. Nonetheless, this meaning is to be viewed with care since the secondary sources might not be able to fully reflect the proprietary AI initiatives or new trends in the SMEs.

[bookmark: _Toc214605559][bookmark: _Toc214613226]4.2.2 Identification of Types of AI Technologies Commonly Used in Retail Decision-Making 
The thematic analysis shows that AI in retail is mainly deployed on operational tools and customer-facing tools. The operational technologies, including predictive analytics, inventory optimisation, and real-time analytics dashboards, exhibit quantifiable gains in forecasting, error reduction and efficacy of the supply chain (Al-Surmi et al., 2022; Pereira et al., 2022). As an example, predictive analytics drives the demand planning, and dynamic inventory systems optimise stock allocation, which implies that AI used in the operational domain could greatly improve the backend decision-making (Fu et al., 2023; AMD Research Team, 2025).
The application of customer-facing tools, such as recommendation engines, chatbots, and segmentation platforms, exemplifies a positive effect, as they make the experiences more personal, enhance engagement, and impact the purchasing behaviour. The engines are recommendation systems that propose products in individual tastes, which has been reported to boost sales by up to 35% (Cao, 2021). Chatbots are also used to offer quick query answers, thus enhancing service performance (Sharma et al., 2022; Fosso Wamba et al., 2024), and segmentation platforms also allow focused marketing campaigns, which maximise promotional budget and customer retention (Mirza et al., 2025).
The findings indicate that there is a synergistic association between operational and customer-centric AI. Operational tools generate a consistent, effective base, on which customer facing applications provide up to date, customised experiences. This is in accordance with scholarly evidence that puts focus on data quality, system interoperability, and integrated AI ecosystems (Heins, 2023). The findings are also supported by the industry reports which illustrate real results including increased revenues and cut downs of costs. This has a significant implication: effective AI implementation should be holistic with the mutual reinforcement of operational excellence and customer engagement. However, there are constraints that secondary data might not reflect all the challenges in the context of SMEs or regional differences in technology adoption.

[bookmark: _Toc214605560][bookmark: _Toc214613227]4.2.3 Analysis of How AI Influences Operational, Tactical, and Strategic Business Decisions 
The results imply that AI provides a tremendous impact in the operational, tactical, and strategic decision-making in the retail sector. On the operational level, AI is used to make 360 predictions, autonomous inventory control, process optimisation, eliminating errors and shortening the routine decision-making process (Al-Surmi et al., 2022, AMD Research Team, 2025). This operational accuracy means that retailers will be able to react to demand changes in an active way, distribute resources effectively, and remain on a service level, which emphasises the role of AI in increasing the quality of day-to-day decisions. These findings highlight the interconnectedness of sound operational data and decisions at higher levels of operation which implies that operational level inefficiencies may be transferred to the tactical and strategic deficiencies.
At tactical level, AI helps in making the decision of planning in the mid term like assortment optimisation, promotion scheduling, and dynamic pricing. The statistics show that business intelligence that is powered by AI converts operational insights into actionable interventions that allow creating action-focused strategies that can help organisations enhance their margins by 10-15% (Mamun et al., 2024). This trend demonstrates that tactical agility depends on the consistency of the inputs of the operational processes, implying that retailers that have integrated AI ecosystems are in a better place to make evidence-based decisions.
Scenario modelling, market forecasting and long-term resource allocation are some of the areas that AI supports strategically. Predictive and generative AI models offer the future perspective of trends, which are critical in expansion strategy, prioritisation of investments, and positioning (Stone et al., 2020; Mamun et al., 2024; Fosso Wamba et al., 2024). As pointed out in the discussion, strategic foresight is founded on the issue of accuracy of operations, lack of accurate data can result in the strategic decisions being made on incorrect assumptions. The reports provided by industry participants support the idea that organisations that utilise integrated AI as a source of planning have shorter decision cycles and are more agile (NVIDIA Team, 2024; Accenture and Google Cloud, 2025). Nevertheless, according to academic literature, interpretability, governance, and the collaboration between humans and AI are required to ensure long-term effectiveness, which implies that technological implementation is not enough.
.
[bookmark: _Toc214605561][bookmark: _Toc214613228]4.2.4 Evaluation of Challenges, Risks, and Ethical Considerations Related to AI Adoption 
The discussion demonstrates that the implementation of AI is associated with various socio-technical risks and ethical issues. The issue of data bias is a severe problem because predictive models that rely on bias datasets can be used to strengthen inequalities or guide incorrect operational and strategic choices (Heins, 2023). The issue of privacy and transparency especially when dealing with customers influences customer trust and participation. Adherence to GDPR and effective data governance systems are mentioned as critical points ensuring ethical standards (Gerlick and Liozu, 2020; Stanciu and Rindasu, 2021).
The skill shortages also represent another weakness as a significant percentage of retail managers are not AI literate to read outputs successfully (AMD Research Team, 2025). This limitation highlights the need to train the workforce and partner with human and artificial intelligence in order to achieve operational and strategic gains. There is also a cost and scalability problem, specifically to the SMEs, where limited resources inhibit integration of AI at various levels of the decision-making process (KPMG Team, 2025).
Algorithms risks are ethical in nature, and accountable. Black-box models can make it difficult to understand the reasons behind prices, inventories, and promotions, which makes governing it and gaining trust in stakeholders harder (Stone et al., 2020). The debate points to a conflict between industry reports of efficiency benefits and scholarly commentary of caution and restraint. 

[bookmark: _Toc214605562][bookmark: _Toc214613229]4.2.5 Limitations of Findings 
Research findings in this study can be limited in a number of ways mainly due to the use of secondary data. Although the literature corpus covers peer-reviewed journals, industry reports, and knowledgeable case studies, it might not cover the latest proprietary AI practices of the leading retailers, especially the ones that are not publicly announced. This limitation restricts the depth of the insights, with emerging tools or innovated applications having the potential to change the trends and results witnessed.
There is also a problem with source bias. The academic literature is more likely to question the mechanisms, ethics and limits of the context, whereas the industry reports focus on the measurable benefits, including efficiency gains and increased revenues. This difference may bias interpretations unless triangulation is done carefully, and may favor either one of theoretical criticism or practical optimism.
The applicability of results is also not very good. The majority of sources concentrate on international tendencies or macro-stores, and less research is available about SMEs or new markets. Therefore, identified patterns might not be quite representative of localised, resource-restricted, or culturally-specific settings. Lastly, although we have used thematic analysis and cross referencing, as well as reflexivity, there remains a certain degree of subjectivity in coding, developing themes and synthesising interpretations. This subjectivity can affect the focus or definition of effects observed, but triangulation attempts combined with methodological transparency nullify such dangers.

[bookmark: _Toc214605563][bookmark: _Toc214613230]4.2.6 Implications 
The significance of the results obtained during this research in the practical and theoretical sense is also significant as it shows how AI influences retail decision-making and gives guidance to the representatives of the industry and researchers.
The research would emphasise that a retail manager needs to adopt AI in a systematic and planned manner. When combined with predictive analytics, recommendation engines and automated decision-support systems, large retailers can leverage operational efficiencies and strategic foresight to build them into fundamental operations. With limited budget and infrastructure, SMEs can also use a staged approach to implementation, focusing on the tools that have the most significant impact, including inventory optimisation tools and platforms to engage with customers (NVIDIA Team, 2024; KPMG Team, 2025). Another problem that managers are advised to work on is workforce preparedness, where they are able to invest in AI literacy and training so that human expertise can supplement algorithm results.
The use of AI in operational enhancements, including the accuracy of forecasting, real-time inventory control, and dynamic prices can help to mitigate the number of errors to a considerable extent and simplify the day-to-day operations (Al-Surmi et al., 2022; Pereira et al., 2022). At the same time, personalised interaction is facilitated by customer-centric services such as chatbots and recommendation systems and enhances loyalty, conversion rates, and satisfaction (Cao, 2021; Fosso Wamba et al., 2024).
Ethical governance is also very important. To ensure transparency and act in accordance with the regulations, retailers should carry out data quality checks, bias audits, and explainable AI frameworks (Stone et al., 2020; Gerlick and Liozu, 2020). The protection of privacy, adherence to GDPR, and fair algorithmic decision-making positively affect the trust of the consumers and their sustainability over a long period of time, minimising reputational and legal risks.
Academically, the research will be beneficial to the existing information about AI-based decision-making by integrating the operational, tactical, and strategic implications within a retail setting. It brings to the fore the good interaction between human and AI-based decisions, and how technology never substitutes managerial judgment, but rather supplements it to facilitate quicker, informed decisions. The results highlight the need to use interpretive methods during AI research, acknowledge context-specific contingencies, organisational maturity, and ethical limits as mediators of AI effectiveness (Heins, 2023; Mamun et al., 2024). In addition, the research indicates areas where future empirical investigations can be done. Although secondary sources are informative, the primary studies are required to measure the cause-and-effect associations, evaluate ROI over the long term, and understand adoption behaviours in SMEs and in markets with heterogeneous groups of cultures. The models of interaction between humans and AI and ethical AI models are not well studied, which offers longitudinal and cross-sectional studies with some promise.

[bookmark: _Toc214605564][bookmark: _Toc214613231]4.3 Chapter Summary 
The thematic analysis of the overall effect of AI on retail decision-making shows the presence of regularities in all spheres of operation, tactics, and strategy. Operational AI tools help to improve forecasting, inventory control and process efficiency, whereas customer-facing AI offer improved engagement, personalisation, and loyalty. The strategic applications such as dynamic pricing, market forecasting and resource allocation, show that AI can be useful in the long-term planning and competitive positioning and the scholars have gained a fined conceptual knowledge in the utilisation of AI in retail decision making and the way forward in the development of empirical studies.


[bookmark: _Toc214605565][bookmark: _Toc214613232]CHAPTER 5: Recommendations, Conclusion, and Limitations of the Research
[bookmark: _Toc214605566][bookmark: _Toc214613233]5.0 Introduction
The aim of the research was to investigate how artificial intelligence (AI) affects retail decision-making in terms of operational, tactical and strategic levels, taking into account ethical, risk and adoption issues. This chapter, based on the thematic analysis of Chapter 4, gives practical recommendations to retailers and managers, general conclusions, and cogitates about the research limitations. The discussion is designed to go back to the four research objectives that are the understanding of AI adoption trends, identification of AI technologies, operational and strategic decision-making impacts analysis, and the assessment of risks and ethical considerations. These observations give a road map towards practice and future research.

[bookmark: _Toc214605567][bookmark: _Toc214613234]5.1 Recommendations 
Retailers need to consider a more gradual AI implementation plan and put more emphasis on preparation, particularly among the SMEs that are often constrained in infrastructure and skills (Oosthuisen et al., 2021; Heins, 2023). The predictive analytics, automated inventory management, and real-time analytics help to optimise operations and enhance the efficiency, minimise errors, and facilitate proactive decision-making (Al-Surmi et al., 2022; AMD Research Team, 2025).
Focus should be on customer experience. Recommendation engines, chatbots, and personalised marketing systems are tools that can be used to foster a sense of engagement, increase the rate of conversion, and create loyalty (Pereira et al., 2022; Fosso Wamba et al., 2024). It is also important that retailers use AI-based predictions and analytics to plan their strategies and direct pricing, resources distribution, and long-term decision-making (Mamun et al., 2024; Mirza et al., 2025).
Lastly, retailers are advised to create hybrid teams in which human judgement is used to supplement AI insights by ensuring that the technological outputs and business goals are aligned (Cao, 2021; NVIDIA Team, 2024).
To prevent overdependence on algorithms, managers should strike the right balance between innovation and human control (Stone et al., 2020). Such risks as bias, misuse of data, or invasion of privacy need to be alleviated through ethical compliance, transparency, and upsising of the workforce (Gerlick and Liozu, 2020; Stanciu and Rindasu, 2021). It is suggested to implement the governance structures to oversee AI outputs, assess performance, and hold them accountable (Fu et al., 2023; KPMG Team, 2025). This will guarantee that AI complements overtaking managerial judgement.
The use of AI and human collaborative decision-making, especially in SMEs, needs to be considered in future studies to learn about implementation barriers and its best practices (Sharma et al., 2022; Sridhar et al., 2024). The adoption, ethics, and compliance with regulations may be examined in the context of contextual differences that may be studied across several regions (Fu et al., 2023; Stanciu and Rindasu, 2021). Also, the long-term strategic impacts of generative AI in retail ecosystems should be examined empirically (Fosso Wamba et al., 2024; Accenture and Google Cloud, 2025), which will help develop the theoretical knowledge of AI as the facilitator of operational and strategic decision-making.

[bookmark: _Toc214605568][bookmark: _Toc214613235]5.2 Conclusion 
The dissertation shows that the adoption of AI in retail is increasing at a rate that large retailers are integrating predictive analytics and automated inventory and customer-facing tools into their workflows at a faster pace than SMEs (Heins, 2023; NVIDIA Team, 2024). There are better accuracy and reduced errors in operational decision-making, and better engagement and conversion metrics with customer-centric tools (Al-Surmi et al., 2022; Pereira et al., 2022). In a strategic sense, AI can be used to make market predictions, optimise prices, and allocate resources, thereby allowing retailers to make sound and forward-looking decisions (Mamun et al., 2024; Mirza et al., 2025).
There are ethical, scalability, and data issues. SMEs have problems with infrastructure discontinuities and skills scarcity, and AI brings up the issue of privacy, bias, and algorithmic transparency (Oosthuisen et al., 2021; Gerlick and Liozu, 2020). Nevertheless, the challenges notwithstanding, AI is more likely to be viewed as a support tool, supplementing the human decision-making process, but not substituting it (Stone et al., 2020; Cao, 2021).
The study provides practical contribution to research since it provides retailers with recommendations on operational, customer and strategic optimisation that can be put into action. In theory, it broadens the body of literature on AI-enabled decision-making in retail, which shows the interactions between humans and AI at various decision levels. Furthermore, the research indicates gaps in the adoption of SMEs, interregional differences and ethical management of AI, which can be used to guide future studies.
To answer the research question, it is clear that AI has a positive impact on retail decision-making with proper governance, ethical supervision, and human-AI cooperation used. A successful integration alters the operational efficiency, tactical marketing and strategic foresight and helps in sustaining competitive advantage as well as reducing the potential risks.

[bookmark: _Toc214605569][bookmark: _Toc214613236]5.3 Research Limitations 
In this research, the main source of data is secondary, as the authors use academic literature and industry reports, which are unlikely to reflect proprietary or extremely recent AI practices (Fu et al., 2023; Heins, 2023). Therefore, the results might not be a complete representation of the state-of-the-art, company-specific applications or new technologies.
There is a lack of generalisability since the vast majority of sources outline world trends instead of localised settings, which might differ widely in different regions or sectors (Stanciu and Rindasu, 2021; Oosthuisen et al., 2021). The qualitative and thematic analysis approach is subjective despite the use of reflexive coding and triangulation because interpretations can be biased by the views of the researcher (Braun and Clarke, 2022, Byrne, 2022).
Applicability is also subject to temporal constraints that can be seen by the fact that AI adoption is changing fast, and results can be updated in the subsequent studies (NVIDIA Team, 2024). Future research will be able to incorporate both secondary analysis and primary, empirical research, e.g. interviews or surveys of retail practitioners, to make the generalisability and relevance to practice more practical, and to trace trends in adoption through time.
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[bookmark: _Toc214609081]Table 1 Inclusion and Exclusion Criteria
	Criterion
	Inclusion Criteria
	Exclusion Criteria

	Relevance
	Direct focus on AI applications in retail decision-making (e.g., predictive analytics for inventory or ethical AI in pricing).
	General AI discussions without retail context (e.g., AI in healthcare).

	Credibility
	Peer-reviewed journals, reputable industry reports (e.g., NVIDIA, McKinsey), or grey literature from established bodies (e.g., Gartner).
	Blogs, opinion pieces, or unverified online sources (e.g., personal blogs).

	Recency
	Publications from 2015–2025 to capture post-deep learning advancements.
	Pre-2015 works, unless seminal and directly cited in recent literature.

	Quality
	Empirical or rigorous methods (e.g., surveys, case studies with clear methodologies); balanced perspectives on benefits/risks.
	Anecdotal, low-evidence, or methodologically flawed works (e.g., no sampling details).

	Language
	English-language sources for accessibility.
	Non-English publications (unless translated abstracts available and highly relevant).

	Accessibility
	Open-access or university-subscribed full texts.
	Paywalled sources without institutional access.



[bookmark: _Toc214609082]Table 2 Search Strategy
	Database/Source
	Keywords/Boolean Strings Used

	Google Scholar
	("artificial intelligence" OR "machine learning") AND ("retail decision-making" OR "supply chain optimisation") AND ("ethical challenges" OR "adoption barriers")

	EBSCOhost
	("AI" OR "ML") AND retail AND (decision* OR forecast*) AND (ethic* OR risk*)

	JSTOR
	"artificial intelligence" retail "decision making" (ethics OR challenges)

	ProQuest
	("AI in retail" OR "machine learning supply chain") AND (barriers OR benefits)



[bookmark: _Toc214609083]Table 3 CASP Quality Assessment Summary
	Source Type
	Number of Sources (n=18)
	Average CASP Score (Out of 10)
	Key Strengths
	Key Weaknesses Addressed

	Academic Journals
	13
	8.5
	Clear methodology (e.g., surveys validated); theoretical depth.
	Excluded low-validity (e.g., small samples <50).

	Industry Reports
	5
	7.8
	Practical benchmarks (e.g., global surveys); real-world applicability.
	Mitigated self-report bias via triangulation.

	Overall
	18
	8.3
	Balanced evidence base.
	N/A





[bookmark: _Toc214609084]Table 4 Study Table
	Author(s) and Year
	Title
	Source Type
	Aim / Focus of Study
	Methodology
	Key Findings Relevant to Chapter 4
	Theme Contribution

	Cao (2021)
	AI in retail: applications and value creation
	Academic
	Explore AI’s role in retail transformation
	Conceptual/Review
	AI creates value via analytics, automation, personalisation
	Adoption; Customer; Strategy

	Heins (2023)
	AI in retail – Systematic review
	Academic
	Synthesise retail AI studies
	Systematic review
	Highlights gaps, benefits, barriers, ethics
	All themes

	Stone et al. (2020)
	AI in strategic marketing decision-making
	Academic
	Examine strategic AI decisions
	Conceptual
	AI improves strategic foresight
	Strategy

	Fu et al. (2023)
	AI evaluation and adoption in retail
	Academic
	Identify factors affecting adoption
	Empirical
	Data quality, cost, skills shape adoption
	Adoption; Challenges

	Oosthuisen et al. (2021)
	AI-enabled retail value chain
	Academic
	Map AI along retail operations
	Qualitative
	Efficiency improvements across the value chain
	Operations

	Stanciu and Rîndaşu (2021)
	AI risks in mobile retail apps
	Academic
	Examine benefits/risks
	Empirical
	Benefits overshadowed by privacy and trust risks
	Challenges

	Sharma et al. (2022/2023)
	Consumer adoption of AI decision systems
	Academic
	Understand customer adoption
	Survey
	Trust, ease of use drive AI acceptance
	Customer

	Pereira et al. (2022)
	AI decision support in fashion retail
	Academic
	Customer models for AI decisions
	Mixed
	AI boosts forecasting and product decisions
	Operations

	Al-Surmi et al. (2022)
	AI-based decision making for operations
	Academic
	Improve operational performance
	Empirical
	AI increases accuracy and speed
	Operations

	Gerlick and Liozu (2020)
	Ethical/legal risks in AI pricing
	Academic
	Examine pricing fairness
	Conceptual
	Risks of bias in algorithmic pricing
	Ethics

	Mirza et al. (2025)
	AI-driven BI in retail
	Academic
	BI for strategic decisions
	Quantitative
	Enhanced strategic alignment and predictions
	Strategy

	Ruiz-Real et al. (2021)
	AI trends in business/economics
	Academic
	Identify research trends
	Bibliometric
	Growth in AI decision studies
	Adoption

	Fosso Wamba et al. (2024)
	GenAI in operations and supply chain
	Academic
	Explore GenAI challenges
	Exploratory
	Benefits but high accuracy and bias concerns
	Operations; Challenges

	Mamun et al. (2024)
	AI-driven BI for retail strategy
	Academic
	AI for strategic decisions
	Empirical
	Improved strategic forecasting
	Strategy

	NVIDIA (2024)
	State of AI in retail
	Industry
	Track adoption and use cases
	Survey
	78% using AI; adoption growing
	Adoption

	Accenture and Google Cloud (2025)
	Generative AI in retail
	Industry
	Analyse GenAI applications
	Industry analysis
	Large impact on marketing and CX
	Customer; Strategy

	KPMG (2025)
	Intelligent retail: AI transformation
	Industry
	AI value creation blueprint
	White paper
	Efficiency gains, adoption barriers
	Adoption; Operations

	Honeywell (2025)
	AI-driven automation in retail
	Industry
	Examine automation impacts
	Survey
	Execs see AI as core to CX
	Customer; Operations

	Cisco (2023)
	How AI comes to life in retail
	Industry
	Practical AI implementation
	Industry report
	Real-time analytics enhances decisions
	Operations

	AMD (2025)
	Retail’s AI revolution
	Industry
	Customer experience and efficiency
	White paper
	AI improves personalisation and efficiency
	Customer






Identification of studies via databases and registers


Records removed before screening:
Duplicate records removed  (n = 72)
Records marked as ineligible by automation tools (n = 54)
Records removed for other reasons (n = 36)
Records identified from*:
Databases (n = 412)



Identification







Records screened
(n = 250)
Records excluded**
(n = 130)

Screening





Reports sought for retrieval
(n = 120)
Reports not retrieved
(n = 77)




Eligibility

Reports assessed for eligibility
(n = 40)
Reports excluded: 
Insufficient rigour (n=7; e.g., anecdotal evidence); 
Off-topic focus (n=7; e.g., general ethics); 
Other (n=8; e.g., outdated methods)







Studies included in review
(n = 20)

Included
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