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[bookmark: _Toc227752970]Part 1

Critical Foundations for a DBA Critical Literature Review on AI, Forecasting, and Replenishment in Retail Supply Chains

Executive Summary
This establishes the intellectual foundations for a DBA Critical Literature Review on the impact of AI on forecasting accuracy and replenishment performance in retail supply chains. The central argument is that a DBA literature review is not a descriptive inventory of prior studies. It is a concept-led, theory-aware, and methodologically transparent intervention that must evaluate what is known, explain why findings diverge, identify hidden assumptions and blind spots, and justify a practice-based contribution. For this topic, that means moving beyond the familiar claim that “AI improves forecasting” and asking a more demanding question: when, how, and under what conditions do AI-enabled forecasts improve replenishment decisions and retail performance in terms of cost, efficiency, and service level? [1]
A DBA-level CLR must therefore be both systematic and critical. Systematic means explicit search logic, database selection, PRISMA-informed screening, declared inclusion and exclusion criteria, and CART checks for clarity, auditability, replicability, and transparency. Contrary to much recent experience with critical methods, Critical means here problematising, taking a position on what might count as knowledge about the issue at hand, identifying contradictions, and analysing the new human–algorithm relationship when the traditional ‘black box’ of AI is no longer automatically assumed to be beneficial. But even here, evidence suggests that machine learning and AI have the potential to substantially improve the accuracy of forecasts in retail, albeit with the performance payoff contingent on service-level policies, data quality, and variability of activity such as sales over seasonal promotional periods, as well as how far planners trust, adapt to, or resist the advice provided by the algorithms. [2]
[bookmark: _Toc227752971][bookmark: introduction]1.1.Introduction
A Critical Literature Review can be defined as a structured, critical, and concept-centric synthesis of literature that evaluates existing knowledge, exposes contradictions, identifies meaningful gaps, and builds the rationale for original contribution. In doctoral work, the literature review is not simply a background chapter; it can itself be a research methodology when carried out rigorously. Snyder argues that literature reviews should be methodologically explicit rather than ad hoc, while Webster and Watson emphasize that strong reviews are organized around concepts rather than author-by-author summaries. Torraco and Paul and Criado likewise position review work as generative rather than merely descriptive. [3]
Within the DBA research lifecycle, the CLR connects early problem recognition to later stages of conceptual framing, question development, and research design. For this topic, the review must be anchored to the pathway AI capability → forecasting accuracy → replenishment decisions → performance. That pathway matters because retail forecasts determine stock positioning, order timing, working capital exposure, and service-level attainment. At DBA level, the audience is dual: academic readers expect theoretical depth and epistemological awareness, while practitioner readers expect insight into what organizations should do differently in forecasting and replenishment. [4]
[bookmark: _Toc227752972][bookmark: X8eb850d4989071a5786342a52b31e843b5ddbaa]1.2.What Makes a DBA Literature Review “Critical”?
A DBA review becomes critical when it moves from description to synthesis to contribution. Descriptive reviews summarize studies and list findings. Critical reviews compare perspectives, explain contradictions, identify patterns across methods and contexts, and construct gaps rather than merely spotting them. Your lecture notes are right to distinguish criticality from simple “spotting bias” or “checking evidence”: at doctoral level, criticality also means epistemic positioning, theoretical framing, problematization, and contribution to knowledge. [5]
This stance is sharpened by four theorists. Mats Alvesson[6] and Jörgen Sandberg[7] argue that better research questions emerge from challenging assumptions through problematization rather than from routine gap-spotting. Pierre Bourdieu[8] brings reflexive sociology and attention to fields, habitus, and institutional positioning. Bent Flyvbjerg[9] foregrounds phronetic, practice-relevant knowledge. Michel Foucault[10] provides the lens of power/knowledge, which is especially relevant when algorithmic systems begin to shape organizational authority. Current AI governance guidance from OECD[11] and UNESCO[12] reinforces transparency, fairness, accountability, and human oversight as essential design concerns. [13]
	Theoretical lens
	Critical question for this review
	DBA relevance

	Problematization
	Why is “accuracy = performance” often treated as self-evident?
	Builds novel research questions rather than recycling gaps

	Reflexive sociology
	Whose expertise is privileged when algorithms enter planning?
	Reveals institutional and practitioner blind spots

	Phronetic social science
	What is practically wise for retail planners?
	Keeps the review practice-based

	Power/knowledge
	How do models reallocate authority between people and systems?
	Exposes governance and control issues


[bookmark: _Toc227753007]Table 1
This table synthesizes the function of the four named lenses and official AI-governance principles for this topic. [13]
Applied to AI in retail forecasting, these lenses reveal at least three hidden assumptions. First, improved forecast accuracy is often assumed to produce better replenishment performance, even though service-level rules, promotions, perishability, and inventory constraints complicate that translation. Second, AI is often treated as objective, despite the fact that data selection, feature engineering, and model governance encode human choices. Third, automation is frequently assumed to raise efficiency, even though algorithm aversion and judgmental overrides can either improve or degrade outcomes. The literature therefore converges on AI’s analytical power but diverges on its operational consequences. [14]
[bookmark: _Toc227752973][bookmark: clr-process]1.3. CLR Process (Systematic + Transparent)
A DBA CLR must be systematic enough to be audited, but not so procedural that it abandons interpretation. PRISMA is useful here as a logic of transparent identification, screening, eligibility, and inclusion, even though it was originally developed for reporting systematic reviews and meta-analyses. For DBA work, PRISMA should therefore be adapted as a disciplined reporting structure rather than applied mechanically. That is where CART is useful: the review design should show clarity in definitions and search strings, auditability in logged screening decisions, replicability in explicit criteria, and transparency in limitations and exclusions. [15]
We utilised the six key steps identified from the lecture notes: 1. Motivate the topic & question 2. Systematic retrieval of literature 3. Balance breadth & depth 4. Foreground concepts over individual studies 5. Draw appropriate conclusions 6. Ensure coherence throughout. The Six Thinking Hats technique can be particularly useful when conducting an initial scoping search for topics, providing a simple yet structured approach to consider different aspects of a topic. The six hats are: white hat for evidence; black hat for problems and potential negative issues; green hat for brainstorming new ideas; red hat for personal feelings and intuitions; yellow hat for advantages and benefits; blue hat for structure and organisation of the process. We then worked within the parameters of the PICOS framework in order to inform and stabilise the search, this enabled us to define the key parameters for the literature search. For our literature search the Population consisted of those within retail supply chains, the Intervention consisted of organisations that utilise artificial intelligence for their forecasting and replenishment activities, the Comparison consisted of statistical based or judgementally adjusted forecasting methods, the Outcomes consisted of accuracy, cost, efficiency and service levels. Studies selected included all peer reviewed journal articles (where possible), seminal texts within the field and official industry-led reports from within the last 10 years. [16]
Use Google Scholar for general web search to find academic material, Scopus and Web of Science for citation searching, ScienceDirect to find peer reviewed full text articles from a wide range of journals related to forecasting and operations management, and Emerald for material related to business and management topics. [17]
A compact PRISMA-style search protocol would be:
· Identification: search Google Scholar, Scopus, Web of Science, ScienceDirect, and Emerald. [17]
· Keywords: “retail supply chain,” “demand forecasting,” “replenishment,” “forecast accuracy,” “inventory,” “service level,” “AI,” “machine learning,” “ARIMA,” “exponential smoothing,” “Random Forest,” “XGBoost,” “LSTM.”
· Boolean string: ("retail" OR "grocery" OR "omnichannel") AND ("forecast*" OR "demand planning") AND ("replenishment" OR "inventory" OR "service level") AND ("AI" OR "machine learning" OR "ARIMA" OR "exponential smoothing" OR "Random Forest" OR "XGBoost" OR "LSTM").
· Screening: remove duplicates, then screen titles and abstracts for direct relevance.
· Eligibility: full-text review against inclusion and exclusion criteria. [18]
[bookmark: clr-content]Inclusion criteria should prioritize studies that directly address the core constructs, demonstrate methodological credibility, and contribute to debate, gap, or framework building. Exclusion criteria should remove non-retail studies with low transferability, purely promotional pieces, papers with unclear methods, and work that discusses AI or supply chain issues without addressing forecasting or replenishment. Recent sources from the last five years should dominate, but seminal works should be retained where they define methods or core theory. [19]
[bookmark: _Toc227752974]1.4. CLR Content (What You Analyse)
What this CLR should analyse is not just a list of topics, but the field’s deeper architecture: theories, constructs, methods, contexts, and consistency of findings. The central constructs for this topic are forecast accuracy, replenishment decision quality, inventory cost, efficiency, service level, and the balance between human judgment and algorithmic recommendation. The review should therefore examine not only model-comparison studies, but also work on planner behavior, forecast-value-added analysis, and human–AI interaction. The evidence base must therefore draw on evidence from all the scientific/quantitative, interpretive/qualitative and mixed-methods research traditions. [20]

	Model family
	Relevance to retail forecasting
	Critical CLR question

	ARIMA
	Strong benchmark for structured time-series demand data
	When does a simpler, interpretable baseline remain superior?

	Exponential smoothing
	Scalable and widely used for operational forecasting
	Why does it remain useful in retail planning despite newer AI methods?

	Random Forest
	Handles nonlinearity and feature interactions
	Does predictive flexibility improve replenishment outcomes or only error scores?

	XGBoost
	Efficient boosted-tree approach for sparse, high-dimensional tabular data
	Is its main advantage operational or merely statistical?

	LSTM
	Captures longer sequential dependencies in demand histories
	When is added complexity justified by real business value?


[bookmark: _Toc227753008]Table 2
This model comparison synthesizes original method sources with recent retail forecasting evidence. ARIMA and exponential smoothing remain foundational in automatic business forecasting, while Random Forest, XGBoost, and LSTM are relevant because retail demand is nonlinear, high-dimensional, and promotion-sensitive. Recent retail studies also show that machine learning can outperform classical methods in large-scale settings, while newer neural models seek to capture cross-SKU and promotional interactions relevant to replenishment. [21]
The deeper DBA question is not simply which model is “best,” but why different model families perform differently under different operating conditions and why those differences matter for replenishment performance. When forecasting for retail, factors such as promotions, seasonality, weather and store/SKU complexity all play a large role in the forecasting process. Interestingly, while human influence is still seen in the forecasting process, new research is showing that both human forecasters and machine learning algorithms perform forecast differently depending on the context; specifically in promotional forecasting. Further research has also shown that simply having another person review a judgmental modified forecast does not necessarily increase the FVA. [22]
[bookmark: _Toc227752975][bookmark: clr-output]1.5. CLR Output 
The output of a DBA CLR is not a stack of summaries. It is a set of synthesized insights: patterns, relationships, explanations, and the basis for a conceptual model. For this topic, the most defensible practice-based contribution is: AI capability improves replenishment performance through forecast accuracy, but that effect is mediated by data quality, governance, service-level policy, and human–algorithm interaction. That proposition is stronger than “AI works” because it explains why positive technical results do not always become positive operational results. [23] [image: ]
[bookmark: _Toc227753080]Figure 1



[bookmark: _Toc227752976][bookmark: writing-style]1.6. Writing Style (Critical & Analytical)
The writing style must itself demonstrate criticality. Avoid flat phrases such as “many studies show.” Prefer formulations such as “the literature converges,” “the evidence diverges,” “a key contradiction emerges,” and “this suggests.” Harvard-style integration should be natural inside prose, for example: Smith (2024) asserted that machine learning improved store-level forecast accuracy, whereas Jones (2025) argued that the service-level effect depended on planner intervention. A concrete annotation template for Part 2 should include: citation; argument; theory; method; findings; critical evaluation; relevance; limitations; theoretical positioning; methodological assumptions; underlying epistemology; and institutional context. A brief exemplar could read: Ma (2024) argues that graph-recurrent methods improve store-SKU replenishment planning; the study is positivist and empirically strong, but its generalizability may be constrained by retail category context and model opacity. [24]
[bookmark: _Toc227752977][bookmark: conclusion]1.7. Conclusion
Part 1 has established that a DBA CLR is a systematic, analytical, and contribution-oriented process rather than an extended summary. It has defined the CLR, explained what makes it critical, outlined a PRISMA-informed and CART-disciplined process, specified what the review should analyze, and articulated a practice-based conceptual contribution linking AI, forecasting, replenishment, and retail performance. It has also shown that human versus AI decision-making is central rather than peripheral, because forecast value is realized only when recommendations are interpreted, trusted, and enacted within organizational routines. [25]
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[bookmark: _Toc227752979]Part 2 
ANNOTATED BIBLIOGRAPHY (100 SOURCES)

[bookmark: _Toc227752980]2.1 Purpose 
This annotated bibliography is organised as a knowledge-mapping tool rather than an author-by-author list. It supports doctoral-level synthesis by grouping sources into themes, recording the theoretical and methodological character of each study, and identifying what the field still underexplains about AI-enabled forecasting, human judgement, and replenishment performance in retail supply chains.
[bookmark: _Toc227752981]2.2 Review method 
	Purpose
	Literature Type
	Review Type
	Methodology Description
	Example
	Example Description

	Broad interpretive overview
	Mixed academic and policy literature
	Narrative review
	Selects key studies relevant to the question and offers a descriptive, interpretive account rather than an exhaustive protocol.
	Gordon and Richardson (1997)
	Their narrative review debates whether compact cities are a desirable planning goal, selecting pivotal arguments rather than attempting a complete census of literature.

	Map the breadth of a field
	Heterogeneous studies and grey literature
	Scoping review
	Uses broad searching and transparent screening to identify how a field is structured, what has been studied, and where evidence is thin.
	Arksey and O’Malley (2005)
	Their scoping review framework is designed for emerging or fragmented topics where clarifying concepts and evidence boundaries matters more than effect-size estimation.

	Evaluate evidence rigorously
	Primarily peer-reviewed empirical studies
	Systematic review
	Applies a protocol-led search, screening and inclusion process, often informed by PRISMA, to minimise selection bias.
	Snyder (2019)
	Although not topic-specific, Snyder explains how structured review methods improve transparency and reproducibility in management research.

	Synthesize concepts across streams
	Conceptual and empirical studies
	Integrative review
	Combines findings from diverse designs to develop new conceptual understanding, frameworks or research agendas.
	Torraco (2005)
	Torraco shows how integrative reviews can go beyond summary and generate theoretical insight from disparate literatures.

	Challenge assumptions in a field
	Dominant and marginal literatures
	Critical review
	Interrogates hidden assumptions, contradictions, power relations and epistemological blind spots rather than only aggregating evidence.
	Alvesson and Sandberg (2011)
	Problematization is used to formulate stronger questions by challenging what the existing literature takes for granted.

	Map intellectual structure quantitatively
	Large bibliographic corpora
	Bibliometric review
	Uses citation, co-citation, co-word or network analysis to identify clusters, trends and influential works.
	Donthu et al. (2021)
	Their guidance demonstrates how bibliometric reviews reveal field structure, though they need conceptual interpretation to avoid becoming purely descriptive.

	Aggregate comparable quantitative findings
	Empirical studies with common metrics
	Meta-analysis
	Statistically combines results from prior studies to estimate average effects and moderators.
	Glass (1976)
	Meta-analysis is valuable when studies are sufficiently comparable, but it is less suitable for fragmented, conceptually diverse retail AI research.

	Summarise evidence on evidence
	Existing reviews
	Umbrella review
	Synthesises findings from prior reviews to provide a high-level overview of what is already established.
	Aromataris et al. (2015)
	Useful where multiple review papers already exist, though less appropriate if the domain is still fragmented and fast moving.


[bookmark: _Toc227753009]Table 3

Note : All 100 Bibliography theme wise is attached in Appendix below , Made a summary of all . 

[bookmark: _Toc227752982][bookmark: X5a691f5b0d4a7d1473ec4b54ea4ddb1df50d88b]2.3 Thematic Synthesis of Forecasting Literature
[bookmark: executive-summary]
Executive Summary
This narrative synthesizes over 100 sources on supply chain forecasting and AI, organized by themes. Theme 1 establishes that forecasting is foundational to supply chain decision-making; theories (e.g. information processing, SCOR planning) frame it as “the basis for all strategic and planning decisions in a supply chain”[1]. However, experts caution that forecasts must not only be accurate but also useful to improve outcomes (e.g. reducing costs or boosting sales)[2]. Theme 2 reviews empirical retail studies: recent machine learning (ML) and AI methods (e.g. ensembles, neural nets, reinforcement learning) achieve substantial accuracy gains and inventory benefits (e.g. ~30% MAPE reduction and 23–25% inventory performance improvements[3][4]). But these gains are context-specific (mostly for high-velocity, promotion-driven SKUs)[5]. Theme 3 compares methods: a wide array of techniques (ARIMA, ETS, SVM, XGBoost, LSTM, and hybrids) has been explored[6]. Consensus holds that ML/ensemble models generally outperform classical approaches on complex data[7][8], yet the best approach often depends on the data pattern and product lifecycle phase. Theme 4 examines human vs algorithmic judgment: research shows that human planners exhibit biases (anchoring, availability, etc.) that degrade forecasts, whereas algorithms can mitigate these biases[9]. In practice, algorithms have outperformed humans (especially under disruption)[10], but human trust and interpretability remain challenges. Experts advocate a human–AI hybrid (forecast value-add, continuous learning) approach[11]. Theme 5 covers emerging trends and governance: studies are increasingly looking at AI-driven frameworks (e.g. multi-agent reinforcement learning[4]) and mixed-method evaluations (surveys + data). There is also growing attention to ethical AI principles: UNESCO’s 2021 Ethics Recommendation stresses transparency, fairness, and human oversight[12].
Across themes, scholars agree that forecasting accuracy is crucial but must be linked to decision value; conflicts arise on whether higher accuracy always yields better outcomes (many studies show only a weak link between error reduction and inventory/service improvements[13]). What is missing is a unified framework connecting improved AI forecasts to real-world supply chain performance, especially in retail contexts with human actors. The literature lacks comprehensive field studies that tie AI-driven forecast gains to business metrics, and it under-explores how trust and governance mediate adoption. These gaps point to the need in Part 3 for a conceptual model that integrates forecasting accuracy, human–AI interaction, and supply chain outcomes, along with clear research questions to test it.
Assumption: This synthesis focuses on retail supply chain forecasting, assuming the research examines how AI/ML forecasting affects inventory and replenishment performance in retail. (Where specifics were unspecified, the discussion remains general to supply chains.)
[bookmark: _Toc227752983][bookmark: X9449836bbf01a6f4717e4d3d2c260cc0b06102d]2.3.1. Theme 1: Core Theories and Conceptual Foundations
Forecasting is central to supply chain strategy and planning. It informs production scheduling, inventory levels, and marketing activities. Chandraul & Barode (2018) note that forecasting serves as “the basis for all strategic and planning decisions in a supply chain”[1], underpinning both push (e.g. production scheduling) and pull processes (e.g. replenishment). Classical supply chain theories (e.g. Control Theory, Systems Theory) posit that timely demand information reduces uncertainty and synchronizes the chain. For example, the bullwhip effect literature highlights how demand signal distortion can amplify upstream variability, demonstrating why accurate demand forecasts and information sharing are vital[14]. In practice, forecasts are never perfect, so firms hold safety stocks and buffers; as Wikipedia notes, “forecast errors are expected, [so] companies often carry an inventory buffer”[15].
However, experts emphasize that accuracy alone is not enough. According to Makridakis et al. (2022), forecasts must be “useful” – i.e. they should lead to better decisions that reduce costs or increase sales[2]. This introduces the notion of forecast value-added (FVA): only changes to the forecast that yield a measurable performance benefit truly matter. Supply chain metrics (service level, stockouts, costs) are the ultimate tests of a forecast’s value. Conceptual frameworks such as Information Processing Theory suggest that in more volatile environments, firms need advanced forecasting “information processing capacity” (e.g. analytics, AI) to maintain performance. Some scholars integrate forecasting into dynamic capabilities or resource-based views, implying firms develop forecasting expertise as an intangible asset.
Studies agree that forecasting is foundational to supply chains[1]. They concur that managing demand uncertainty (via forecasting) is key to maintaining service levels. They conflict in how strongly forecast accuracy translates to performance: while theory implies better forecasts should improve inventory and sales, empirical reviews find this linkage is often weak or inconsistent[13]. Missing in the literature are explicit conceptual models linking AI-driven forecast accuracy to operational metrics. Few studies, for instance, theorize how much MAPE reduction translates to a given cost saving. We also find limited discussion of behavioural or organizational factors in forecasting theory (e.g. how decision-maker incentives or biases enter the model). In sum, Theme 1 establishes the why of forecasting but leaves open how improved forecasts create value, highlighting a gap between forecasting theory and empirical outcomes.
Studies agree: Forecasting underlies all key supply chain planning and coordination decisions[1]. Areas of conflict: Whether incremental accuracy improvements truly generate cost/service gains[13]. What is missing: Integrated frameworks connecting forecasts, decision processes, and performance metrics (especially under AI-based forecasting).
[bookmark: _Toc227752984][bookmark: X9b2999bec1ffedb176793ebe6cc893e5b1809fc]2.3.2. Theme 2: Empirical Retail Forecasting and Replenishment
In retail settings, empirical studies focus on demand volatility (seasonality, promotions) and replenishment performance. Retail demand is often intermittent and SKU proliferation is high[14], making forecasting challenging. Recent research shows AI/ML techniques significantly outperform traditional statistical models (ARIMA, exponential smoothing) in this context. For example, a 2026 study found that ensemble ML models (e.g. LSTM-XGBoost hybrids) reduced 4-week-ahead forecast error by ~28% on average, with even larger gains on fast-moving, promotion-sensitive SKUs[16][3]. Similarly, a 2025 sensor-based retail study used multi-agent deep reinforcement learning (RL) and achieved an 18.2% reduction in forecast error and a 23.5% decrease in stockout rates versus classical baselines[4]. These improvements directly translate to inventory benefits: the same study reported smoother inventory levels and fewer shortages when advanced forecasts were used. Another mixed-methods survey of 204 supply chain professionals reported a ~31% average MAPE reduction and 24.7% higher inventory turnover after AI deployment[17].
However, performance gains vary by context. Ensemble and hybrid models (combining ARIMA, XGBoost, LSTM, etc.) often outperform single models, but their advantage depends on demand pattern. For example, Abdelfatah (2026) notes that high-velocity SKUs saw the largest forecast gains from AI, whereas slow-moving items benefited less[5]. Promotions and seasonality present particular challenges; one study with IoT sensor data showed deep learning methods better captured these effects than ARIMA[18]. In general, retailers have begun adopting sophisticated forecasting architectures (cloud AutoML, RL agents, etc.) and report operational improvements (lower safety stocks, higher fill rates) as a result.
Studies agree that modern ML/RL methods can substantially improve retail forecasting accuracy and replenishment metrics[4][3]. They also agree that rich data (POS history, promotions, weather) and feature engineering are key for these gains[16]. They conflict on scope: while some reports emphasize very large benefits (30%+ accuracy boost), others warn that simpler combinations of methods can achieve most gains with lower complexity[13][19]. In other words, it is debated whether a super-sophisticated AI stack is needed, or whether a well-designed ensemble suffices. Missing elements include long-term studies of AI in live retail operations (most work is simulation or pilot data) and integration with replenishment planning. Few papers trace how improved forecasts affect order quantities, lead times, or supplier decisions in practice. In summary, Theme 2 shows that AI-driven forecasting is promising for retail replenishment, but calls for more real-world validation and understanding of varying benefit by product and situation.
Studies agree: AI/ML models (e.g. LSTM, XGBoost, RL agents) dramatically reduce retail forecast error and stockouts in studies[4][3]. Areas of conflict: The extent of gains—some studies show huge improvements, others find diminishing returns beyond simpler methods[19][5]. What is missing: Empirical tracking of AI forecast benefits in live retail settings, and analyses of which SKUs or conditions most reward AI (vs. traditional forecasting).
[bookmark: _Toc227752985][bookmark: X9b3bbb0dd4ec974a4149710a127b6e27858151a]2.3.3. Theme 3: Forecasting Methods and Model Comparisons
The literature exhibits a rich array of forecasting techniques. Classical methods (ARIMA, exponential smoothing, state-space models) remain standard benchmarks. However, machine learning and hybrid models are now widely applied. Recent reviews summarize that studies have tried support vector machines, Random Forests, gradient boosting (XGBoost), recurrent neural networks (LSTM, RNN), and many combinations[7][6]. Some have even employed wavelet transforms or Fourier decomposition to preprocess data before ML. Most findings indicate ML models generally outperform statistical ones on complex, nonlinear demand series[8][20]. For example, Ozdemir & Yozgatligil (2025) report that XGBoost and LSTM models beat ARIMA and ETS in most tested time series, though hybrid ensembles only sometimes added benefit[7].
Hybrid models (statistical + ML) are also common. Techniques like ARIMA+XGBoost or ensembled Holt-Winters+XGBoost often yield top accuracy, particularly by capturing both linear trends and nonlinear anomalies[7]. However, empirical results are mixed: one review notes hybrids excel when data exhibit both stable trends and sudden shifts (e.g. promotional spikes), but their advantage fades when demand is relatively stationary[7]. Many recent studies emphasize dynamic and adaptive frameworks – for instance, a 2025 adaptive ensemble combined regression and ML models across different product life cycle phases[6].
These methodological studies focus heavily on accuracy metrics (MAPE, RMSE) and less on business metrics. Few papers address the uncertainty or bias of models, and fewer still discuss model interpretability. Some emerging work integrates optimization: e.g. Qi et al. (2025) used deep RL to jointly handle forecasting and inventory decisions, implicitly learning optimal replenishment policies in tandem[4].
Studies agree that no one model dominates all scenarios. Rather, they find: advanced models usually outperform simple ones on complex data (e.g. retail demand)[8][7], but hybrids must be carefully tailored. Conflicts appear in hybrid results: some studies report huge accuracy jumps (when combining LSTM with ARIMA), while others find only marginal gains over the best single model[7]. The key disagreement is whether the extra complexity of hybrids justifies the minor accuracy improvements in many cases.
Missing aspects in Theme 3 include: models that adapt in real time as demand patterns change, and transparent methodologies. Most works assume static conditions and offline training. There is little theorizing on when an ML approach will fail or how to integrate expert judgment. Also, the “forecasting during product decline” is under-studied[6]. Overall, Theme 3 confirms that AI and ensemble methods are powerful, but underscores that model choice depends on context and must be evaluated with the decision-maker’s needs in mind.
Studies agree: Complex machine learning (RF, XGBoost, LSTM) and well-designed ensembles often beat traditional statistical forecasts for nonlinear or volatile demand[8][7]. Areas of conflict: Whether elaborate hybrid systems significantly improve over strong single models—findings vary by dataset[7]. What is missing: Adaptive forecasting methods (e.g. online learning), broader use of FVA (forecast value-added) in method evaluation, and analysis of forecasting in declining or highly volatile life-cycle phases[6].
[bookmark: _Toc227752986]2.3.4. Theme 4: Human Judgment, Biases, and AI Adoption
A critical stream addresses human factors in forecasting. By nature, human planners introduce biases (overconfidence, anchoring, availability) when adjusting forecasts. An overview of 162 forecasting papers shows that algorithmic support can mitigate these biases: providing timely, accurate algorithmic forecasts helps managers overcome anchoring and inconsistency, improving overall forecast accuracy[9]. In practice, hybrid methods (statistical models with human overrides) and consensus forecasting have long been used to blend judgment and data.
However, algorithm aversion is a strong theme in retail forecasting. Wang et al. (2024) observe that during supply chain disruptions, planners often reject algorithmic safety-stock recommendations, preferring their own instincts – even though the algorithmic solutions outperform human judgment by a significant margin[10]. Interview findings suggest people distrust algorithms when they lack a sense of fit or when they feel overburdened (e.g. limited resources to implement algorithmic advice)[21]. This creates a contradiction: objective evidence shows AI-driven decisions yield better outcomes, yet humans frequently override them.
Industry experts advocate combining AI with human oversight. For example, Sasidharan (2026) argues that the future of forecasting lies in a human+AI loop: continuous model retraining guided by forecast value-added, with humans focusing on exceptions and context[11]. This approach acknowledges that humans still need to interpret models and intervene strategically. In line with this, some new tools allow planners to adjust model forecasts slightly, which has been shown to reduce aversion[9].
Studies agree that AI can debias human forecasting and generally improve accuracy (algorithms have ‘consistent, well-performing advice’)[9]. They conflict on the human response: while technical papers applaud automated models, behavioral studies and case evidence show reluctance to fully trust them. Missing elements include best practices for human–AI interaction: how much control to give users, how to train planners, and how to design UI for trust. The gap is both theoretical (no unified model of judgment+AI) and practical (few documented cases of successful AI adoption in planning teams). In summary, Theme 4 highlights that purely technical advances must be complemented by attention to people and process.
Studies agree: Algorithms can reduce human biases and improve forecast accuracy when used properly[9]. Areas of conflict: In practice, many planners resist algorithmic forecasts (algorithm aversion)[10], leading to tension between statistical optimality and human preference. What is missing: Research on effective human–AI collaboration: how to design systems and workflows that ensure AI’s benefits are realized despite human biases (e.g. recommended human-in-loop frameworks[11]).
[bookmark: _Toc227752987]2.3.5. Theme 5: Emerging Trends, Governance, and Mixed Methods
Recent literature touches on broader trends and contextual factors. Two major directions stand out: governance/ethics of AI and the integration of novel data sources.
On governance, there is increasing emphasis on ethical AI principles. UNESCO’s 2021 Recommendation on the Ethics of Artificial Intelligence calls for transparency, fairness, accountability, and human oversight in AI systems[12]. In supply chains, this translates to demands for explainable forecasts and clear audit trails. The EU’s AI Act (noted by industry analysts) similarly mandates risk assessments. Some authors argue that AI governance can be a competitive advantage, as consumers and regulators increasingly expect responsible AI. Nonetheless, academic treatment is still nascent: guidelines are cited, but few empirical studies examine how transparency or bias considerations affect forecasting adoption.
On methods and contexts, multi-agent and agentic AI are emerging. For example, the reinforcement learning retail study[4] illustrates how IoT sensor data (temperature, shelf weight) can enhance forecasts and inventory decisions. Similarly, agent-based architectures (LangChain, ensemble agents) are being explored for real-time forecasting orchestration. Mixed-method research is also noted: Abdelfatah (2026) combined quantitative analysis with a survey of 204 practitioners, yielding both statistical results and managerial insights[17]. This reflects a trend toward more holistic evaluations of forecasting systems.
Studies agree that AI’s role in forecasting will continue expanding, but stress caution: as Sasidharan (2026) points out, complexity does not guarantee value; rigorous measurement (forecast value-add) is needed[22][23]. They conflict on the pace of change: some are optimistic about rapid transformation (citing big accuracy gains), while others warn that many organizations lack data readiness or governance to leverage AI fully. Missing elements include cross-sector comparisons (most case studies are in retail or consumer goods) and studies on regulatory/ethical impacts (how compliance burdens slow adoption). In sum, Theme 5 indicates that forecasting research is pushing into cutting-edge AI approaches and policy issues, but there is little work yet on synthesizing these with the core forecasting function.
Studies agree: Organizations must establish strong AI governance (transparency, human oversight) and measure actual forecast value, not just technical metrics[12][22]. Areas of conflict: Over-engineering (LLMs, multi-agent systems) can overshoot needs without clear benefit[22][23]; the key is disciplined evaluation. What is missing: Empirical data on how different industries adopt AI forecasting responsibly, and on the impact of upcoming regulations (e.g. EU AI Act) on forecasting practices.
[bookmark: _Toc227752988]2.5. Gap Matrix
		Study
	Theory Gap
	Method Gap
	Context Gap
	Key Insight

	Spiliotis et al. (2024)[13]
	No clear theoretical link between forecast accuracy and inventory utility.
	Simulation of popular methods; limited to M5 competition time series.
	Uses competition data; needs real-world retail/manufacturer data.
	Forecast accuracy often does not guarantee better inventory performance[13].

	Abdelfatah (2026)[3][17]
	Emphasizes ML model gains but lacks theory on organizational adoption/trust.
	Mixed (panel data, survey of 204); strong on accuracy metrics, weaker on qualitative factors.
	Multisector study but primarily US/German retail; other markets not covered.
	AI forecasting models (LSTM, XGBoost, RL) can cut MAPE ~30% and boost inventory turnover ~25%[3][17].

	Wang et al. (2024)[10]
	Introduces algorithm aversion theory in SC context; lacks broader decision-making model.
	Single-case study (one retail firm) with simulation; generalizability limited.
	Focuses on retail during disruptions; normal periods not examined.
	Human planners often reject algorithmic safety-stock decisions, even though algorithms outperform humans[10].

	Chacon & Kaufmann (2025)[9]
	Surveys bias-algorithm interactions but no predictive model of user behavior.
	Literature review of 162 papers; identifies biases but no empirical testing.
	Covers forecasting in general (not specific to retail or SCM).
	Algorithms can mitigate key human forecasting biases (anchoring, availability) and potentially improve forecasts[9].

	Yang et al. (2025)[4]
	Proposes an integrated forecasting–inventory RL framework; lacks general theory.
	Experimental; based on large retail dataset with sensors; no human factors considered.
	Modern, IoT-enabled retail context; may not apply to non-sensor environments.
	A multi-agent RL system integrating demand forecasting and inventory control reduced forecast error by ~18% and stockouts by ~23%[4].


[bookmark: _Toc227753010]Table 4



If we look at the research that's been done, we can see that there are still some big questions that haven't been answered. For instance, a study by Abdelfatah in 2026 found that using AI can really improve accuracy, but it didn't explain how to put these systems in place in different types of organizations, or how they would affect business in the long run. Similarly, a study by Wang and others in 2024 showed that people can be hesitant to use algorithms, but this was only looked at in one retail setting, so we need to do more research to see if this is true in other areas. Overall, these gaps in our knowledge show that we still have a lot to learn about how AI forecasting affects supply chains, and we need to develop more comprehensive models and do more diverse research to fill in the blanks. We need to find ways to connect the dots between AI, theory, and real-world outcomes, and to make sure our methods are sound and our results are meaningful. By doing so, we can create a more complete picture of how AI can be used to improve supply chain management, and make more informed decisions about how to implement these systems in practice.
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Preliminary Critical Literature Review: AI in Supply Chain Forecasting and Replenishment
[bookmark: _Toc227752991][bookmark: introduction-3.1]3.1 Introduction
Effective demand forecasting underpins retail and FMCG supply chains by reducing uncertainty and guiding inventory decisions[1][2]. In practice, poor forecasts cause costly stockouts, excess inventory, and missed sales[2]. The rise of big data and AI promises to improve forecasting beyond traditional methods[3][4]. For example, modern systems claim over 90% accuracy on weekly forecasts[4] and vendor reports suggest AI can cut excess inventory by 15–30% while maintaining service levels[5]. Despite this promise, experts warn that accuracy alone does not ensure performance. A demand-planning analysis cautions that “forecast accuracy is only a proxy for improved business performance” and that “a reliable algorithm that no one trusts will be of little value”[6][7]. In other words, even perfect forecasts yield little benefit if supply chains lack flexibility or buy-in. This review critically examines the literature on AI-driven forecasting and replenishment, defining key concepts and relationships, synthesizing evidence and contradictions, and identifying gaps. Our aim is to map how AI-based methods affect inventory outcomes and to highlight implications for future research and practice.
[bookmark: _Toc227752992][bookmark: conceptual-framing-3.2]3.2 Conceptual Framing 
We define AI-driven forecasting as algorithmic predictive models (e.g. random forests, gradient boosting, neural networks, and deep learning) that analyze historical demand and external data to predict future sales. The primary performance outcomes are supply chain service levels, stockout rates, inventory costs, and fill rates[8]. The central theoretical chain is: AI Forecasting Method → Forecast Accuracy → Replenishment Decisions → Supply Chain Outcomes. In essence, better predictions enable tighter inventory and replenishment policies. For example, Talukder (2026) shows that a Temporal Fusion Transformer reduced RMSE by 21.8%, causing simulated stockouts to fall from 10.9% to 6.4%[8]. We also consider moderators: organizational and human factors (such as planner expertise, trust in the system, and process agility) that determine whether accuracy gains translate into action. Overall, this framework posits that advanced forecasting methods improve accuracy and thereby enable more dynamic, cost-effective replenishment, provided human/organizational context allows implementation[8][9].
[bookmark: _Toc227752993][bookmark: thematic-literature-review-3.3]3.3 Thematic Literature Review 
[bookmark: _Toc227752994][bookmark: conceptual-foundations-3.3a]3.3.1 Conceptual Foundations 
AI forecasting draws on classic supply chain and information theory. The bullwhip effect – the amplification of demand variability upstream – highlights the need for timely forecasts[10]. AI is touted as a solution to dampen this effect by providing near-real-time insights. For instance, Lee et al. (1997) formally demonstrate how small changes in retail demand lead to larger order variance at suppliers[10]. However, much of the literature implicitly assumes a rational, quantitative optimization perspective. Reviews note that turbulent markets have driven broad interest in machine learning methods for forecasting[3]. Mediavilla et al. (2022) survey recent AI forecasting studies and emphasize that uncertain, dynamic markets make classical statistical methods “not always appropriate,” motivating hybrid and learning approaches[3]. Theoretical models largely treat forecasts as objective outputs: for example, many studies adopt positivist, data-driven designs (Talukder, 2026) and rarely incorporate behavioral or power-dynamics perspectives. In short, AI-for-forecasting is often framed as a technical challenge of improving data and algorithms, with only limited attention to social or organizational theory (e.g. algorithmic governance, routines). This suggests a gap in theory: few works integrate forecasting models with supply chain organizational behavior or human-in-the-loop processes.
[bookmark: _Toc227752995][bookmark: empirical-evidence-3.3b]3.3.2 Empirical Evidence
A substantial body of work – both academic and industry – finds that AI/ML methods tend to improve forecast accuracy. For example, experimental studies in retail and e‑commerce show modern algorithms (LSTM networks, ensemble methods, Transformers) significantly outperform traditional techniques. One study reports LSTM demand models with prediction error <1% versus ~3% for linear regression[11]. Similarly, Talukder’s (2026) thesis finds that an advanced Transformer model cuts RMSE by 21.8% relative to the best statistical method, yielding corresponding drops in stockout rates[8]. Practitioner reports align: a retail software provider claims AI-based forecasting can reduce excess inventory by 15–30% while holding service steady[5]. Overall, quantified gains are often on the order of 10–25% error reduction or more[8][12]. Notably, several studies highlight that ensemble and hybrid models yield the lowest errors; for instance, combining multiple algorithms or blending machine forecasts with human judgment can boost performance. Brau et al. (2023) introduce a “Human-Guided Learning” approach where model training incorporates planners’ inputs; this method produced more accurate forecasts than standard judgment-adjustment or combination techniques[9]. In summary, converging evidence suggests AI methods can improve accuracy and drive inventory benefits under controlled conditions. However, these improvements typically materialize in experimental or simulation settings where the forecasting outputs are directly linked to replenishment rules. Real-world validation beyond proof-of-concept is still emerging.
[bookmark: _Toc227752996][bookmark: Xcb102841066a4c4accff87566b32c659107cc20]3.3.3  Contradictions and Critical Perspectives 
Despite promising accuracy results, critical voices urge caution. A key critique is that accuracy ≠ performance. Fitzpatrick (2021) emphatically warns that “forecast accuracy is only a proxy for improved business performance” and that without effective execution, even a perfect forecast is “worthless”[7][13]. In practice, supply chains plagued by capacity constraints, siloed processes, or rigid policies may fail to leverage AI’s gains[13][7]. Trust is another common issue: as Fitzpatrick notes, “A reliable algorithm that no one trusts will be of little value to a company”[6]. In other words, human planners may override or ignore advanced forecasts if they lack transparency or credibility. Empirically, outright contradictions are rare; most studies still show some accuracy improvement. Instead, the tension is contextual and methodological. Critiques emphasize that many simulation studies assume ideal conditions (perfect data, fixed policies), whereas reality features noise, unobserved constraints, and politics. This gap indicates a need for critical studies: those that examine organizational adoption, planners’ behavior, and the gap between promised and realized benefits[6][7].
[bookmark: _Toc227752997][bookmark: contextual-variations-3.3d]3.3.4  Contextual Variations 
The impact of AI forecasting varies across industries and geographies, but the literature is still thin on comparative studies. Most empirical work focuses on large retailers in developed economies, especially grocery and apparel chains in North America and Europe. By contrast, segments like small-format stores, emerging-market supply chains, or very high-variability products are underrepresented. For example, Jauhar et al. (2025) examine India’s perishable wine segment and stress how short shelf-lives and fragmented markets make FMCG demand highly erratic[14]. They propose customer-level segmentation and explainable models to handle this volatility – strategies that may be unnecessary in more stable contexts. Similarly, in high-security or healthcare supply chains, “strict temporal and safety constraints” suggest different priorities; Li et al. (2025) note that reinforcement learning has been applied to optimize perishable or critical inventories under such constraints[15]. In sum, while many AI techniques (LSTM, XGBoost, etc.) are broadly used, their effectiveness can depend on product perishability, lead-time variability, or organizational structure. The literature suggests results may differ by context (e.g. product life cycle, supply chain centralization), but rigorous cross-country or cross-industry comparisons are lacking. This gap means we have limited empirical evidence about “where and why” AI forecasting yields the biggest payoff.
[bookmark: _Toc227752998][bookmark: synthesis-of-findings-3.4]3.4 Synthesis of Findings 
1. Patterns. Across studies, a consistent pattern is that advanced forecasting models beat traditional ones on accuracy. Reported error reductions are often in the low-double-digit range (10–25% improvements)[8][12]. In practice, firms stand to gain noticeable efficiency: industry sources claim AI-driven forecasting can cut inventories by up to 15–30%[5]. Most research focuses on aggregate demand metrics, showing that ensemble or deep-learning models produce smoother, more responsive forecasts than single-method approaches. Crucially, all this evidence is quantitative and relative: e.g. “92% forecasting accuracy” in a test set or “X% less RMSE.”
1. Relationships. The hypothesized mechanism linking AI to outcomes is: Better Algorithms → Higher Forecast Accuracy → Improved Replenishment → Better Performance. Talukder (2026) provides direct evidence for this chain: his superior AI model’s 21.8% RMSE gain caused stockout rates to drop from 10.9% to 6.4% in inventory simulations[8]. In other words, accuracy gains translate into tighter order policies and lower safety stocks. Notably, this chain is moderated by human/organizational factors. Brau et al. (2023) find that how forecasts are integrated matters: their hybrid human-AI method generated higher accuracy than naïve algorithmic adjustments[9]. This suggests that interactions with users can further lift performance – implying planner trust and skill are key linkages. In theory, then, AI-induced accuracy is a necessary but not sufficient condition for benefits. It must feed into decision-making processes that act on the forecasts.
1. Mechanisms. Why should AI-driven models yield these results? Many sources note that machine learning can ingest more data (seasonal trends, promotions, external signals) to quickly adapt to demand shifts[3][4]. This translates into what industry calls anticipatory replenishment: dynamic reorder points and safety stocks aligned with detected patterns[16]. For example, one report highlights that AI enables inventory decisions to be “triggered by expected need rather than delayed reaction”[16]. In practical terms, higher precision means planners can place more frequent, smaller orders and recalibrate reorder policies more tightly, directly lowering stockouts and costs. However, this pipeline only functions when organizational processes allow it. As one commentator puts it, an improved forecast “will be worthless if the product can’t be produced and shipped in time to meet the demand”[13]. Thus, the underlying mechanism is data-driven agility: AI uncovers demand signals and feeds them to operations, but only an equally agile organization can act on them. The literature implies that without matching improvements in planning systems and buy-in, accuracy gains alone will not automatically flow through.
[bookmark: conceptual-framework-3.5]
[bookmark: _Toc227752999]3.5 Conceptual Framework 
Building on these themes, we propose the following framework (Figure 1): AI Forecasting Method → Forecast Accuracy (Mediator) → Inventory Performance (outcomes like fill rate, stockout, cost), with Human/Organizational Context (Moderator) influencing the link between accuracy and outcomes. Key variables are: the sophistication of the AI model (algorithms, data inputs), resulting forecast accuracy, subsequent replenishment policy (order quantities, safety stock), and ultimate performance metrics. For instance, improved accuracy is shown to mediate benefits: studies like Talukder (2026) demonstrate that increased precision leads to better service levels[8]. At the same time, how forecasting is integrated can moderate this effect: Brau et al. (2023) find that blending human judgment improves accuracy beyond pure algorithmic forecasts[9]. We posit that Forecast Accuracy is the central mediator, while human trust, planner expertise, process flexibility are key moderators. This framework extends existing theory by explicitly linking forecasting and operational performance, supported by empirical evidence that “improvements in forecasting accuracy can generate meaningful downstream inventory performance gains”[17].
[bookmark: _Toc227753000][bookmark: research-gaps-3.6]3.6 Research Gaps 
Despite growing studies, several research gaps emerge beyond the oft-cited “lack of studies”:
· Theoretical Gaps: There is no unified theory connecting AI-driven forecasting to supply chain outcomes and organizational behavior. Most works treat forecasting as a black box output, neglecting how trust, routines, or power dynamics shape its use. Li et al. (2025) highlight that the research landscape is “fragmented” and narrowly focused[18]. We lack conceptual models that integrate technical forecasting advances with, for example, decision-maker judgment or S&OP processes.
· Empirical Gaps: Longitudinal and field studies are rare. Most evidence comes from one-off experiments or simulations. We know little about the long-run effects of AI adoption, the evolution of performance over time, or unintended side-effects. Krishnia (2025) specifically notes “limited empirical evidence” on outcomes across different product categories and markets. Also, research tends to focus on industry datasets (like the public M5 dataset) and simulation, rather than live company data or randomized field tests.
· Contextual Gaps: Emerging markets, B2B contexts, or small/medium retailers are understudied. For example, AI forecasting in informal distribution networks or on-demand services might behave differently than in large US grocery chains. The impact of AI may also vary by technology infrastructure or market volatility. Few studies explicitly compare countries or supply chain structures. This leaves open whether gains seen in idealized settings generalize broadly.
· Methodological Gaps: Research heavily relies on quantitative simulations, forecasts metrics (MAE, RMSE) and short-horizon results. Qualitative insights (interviews, case studies) on organizational adoption are lacking. Furthermore, most models assume perfect data; yet in reality data cleaning, outliers, and real-time implementation issues matter. There is a need for mixed-methods work, implementation science, and “design science” research that builds and trials forecasting systems in situ.
[bookmark: _Toc227753001][bookmark: draft-research-questions-3.7]3.7 Draft Research Questions 
Based on these gaps, candidate DBA questions include:
•	RQ1: How does the adoption of AI-driven forecasting affect replenishment efficiency (e.g.  stockouts, inventory costs) under different inventory control policies?
•	RQ2: What roles do human and organizational factors (planner trust, expertise, collaboration processes) play in translating forecast accuracy into supply chain performance?
•	RQ3: How do the benefits of AI forecasting vary across contexts (industries, geographies, product types such as perishable vs. nonperishable)?
•	RQ4: How can hybrid human-AI forecasting systems (e.g. combining ML output with judgment) be designed to maximize decision performance, and what trade-offs emerge?
Each question is clear and specific, looking at certain factors or situations. It's also something that can be researched, maybe through experiments, case studies, or surveys. And it's all connected to some bigger ideas, like how accurate forecasts are, how people adopt new technology, and how businesses operate.

[bookmark: _Toc227753002][bookmark: theoretical-contribution-3.8]3.8 Theoretical Contribution 
This research can extend theory in several ways. First, it integrates supply chain forecasting and inventory management literature by explicitly linking accuracy improvements to operational outcomes[17]. Second, it challenges the prevailing assumption that improved predictions automatically yield gains; by incorporating trust and execution, it refines our understanding of how forecasts are used in practice[6][7]. Third, it introduces a socio-technical perspective to forecasting models, extending theories of organizational decision-making to include data-driven algorithms. Finally, it refines constructs: for example, it distinguishes AI forecasting proficiency from mere algorithmic accuracy, acknowledging the mediating role of planners’ judgment. Overall, the work is poised to extend operations and SCM theory by weaving together AI/ML capabilities with human and process elements in a unified model.
[bookmark: _Toc227753003][bookmark: managerial-implications-3.9]3.9 Managerial Implications 
Managers should draw clear lessons from this synthesis. First, adopt AI as a system, not a gadget. Investing in advanced forecasts alone is insufficient; organizations must also adapt planning processes and performance metrics. As Fitzpatrick (2021) argues, companies should measure how algorithms drive outcomes – for example, by tracking inventory turns or service levels alongside forecast error[7]. Second, build trust and collaboration around the forecasts. Planners need transparency and training to interpret AI suggestions. Because distrust can nullify any algorithmic gains[6], firms should foster a culture of data-driven decision-making, e.g. by involving staff in model validation or using explainable AI tools. Third, ensure execution flexibility. Algorithms require the supply chain to be responsive; thus managers may need to streamline approval processes, shorten lead times, or cross-train teams. Without these changes, “even the best forecast… is worthless if the chain has no flexibility”[13]. Finally, be wary of narrow metrics: focus on holistic supply chain goals (total cost, agility, customer service) rather than chasing forecast accuracy alone. In sum, organizations must align people, processes, and technology: refine replenishment policies to act on AI insights, and plan for the continuous improvement of both algorithms and operations.
[bookmark: _Toc227753004][bookmark: conclusion-3.10]3.10 Conclusion
The literature suggests that AI-driven demand forecasting holds significant promise for retail and FMCG supply chains by improving accuracy and enabling leaner inventories. Empirical results show meaningful error reductions and inventory savings under test conditions[8][5]. However, this potential is conditional on human and organizational factors; trust, execution capability, and context critically determine the ultimate payoff[6][7]. Our review identifies key patterns (consistent accuracy gains), relationships (AI→accuracy→outcomes), and mechanisms (data-driven agility) while also highlighting gaps – especially the need for theory linking forecasting to organizational behavior, and more field-based evidence in diverse contexts. Future DBA research can thus contribute by examining how to integrate AI forecasting into planning processes, how different environments modulate its effect, and how to close the divide between predictive power and actual performance.
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ANNOTATED BIBLIOGRAPHY -100


Theme 1: Core theory and review foundations
	Citation
	Literature Type
	Review Type
	Key Insight
	Theoretical Lens
	Methodology
	Critical Evaluation
	Relevance
	Example Description

	Snyder (2019)
	Methodological review
	Systematic/integrative review guidance
	Review methodology - Shows that literature reviews can function as research methodology in their own right.
	Method paper
	Explains why review studies need explicit method and purpose.
	Strong DBA foundation, though broad rather than supply-chain specific.
	Sets the methodological baseline for the whole report.
	Explains why review studies need explicit method and purpose. Shows that literature reviews can function as research methodology in their own right.

	Webster and Watson (2002)
	Methodological review
	Concept-centric review
	Knowledge synthesis - Provides the organising principle for thematic rather than alphabetical structuring.
	Conceptual paper
	Argues that strong reviews should be organised around concepts, not authors.
	Seminal and still highly relevant, but not tailored to AI contexts.
	Justifies the thematic design of Part 2.
	Argues that strong reviews should be organised around concepts, not authors. Provides the organising principle for thematic rather than alphabetical structuring.

	Torraco (2005)
	Methodological review
	Integrative review
	Integrative synthesis - Positions review work as theory-building rather than background writing.
	Conceptual paper
	Shows how reviews can integrate diverse studies to develop new frameworks.
	Useful for DBA contribution logic, though not a protocol in itself.
	Supports synthesis and conceptual contribution.
	Shows how reviews can integrate diverse studies to develop new frameworks. Positions review work as theory-building rather than background writing.

	Paul and Criado (2020)
	Methodological review
	Review-writing guidance
	Article design and structure - Reinforces that strong review writing requires explicit design choices.
	Conceptual paper
	Clarifies purpose, process and structure for high-quality review articles.
	Helpful for structure, but more generic than field-specific methods guidance.
	Useful for organising Part 2 and later Part 3.
	Clarifies purpose, process and structure for high-quality review articles. Reinforces that strong review writing requires explicit design choices.

	Alvesson and Sandberg (2011)
	Theoretical/conceptual
	Critical review
	Problematization - Moves the review from cataloguing sources to interrogating dominant beliefs.
	Conceptual paper
	Argues that stronger research questions come from challenging assumptions, not merely spotting gaps.
	Particularly valuable for challenging the assumption that accuracy automatically improves performance.
	Provides the critical lens for gap construction.
	Argues that stronger research questions come from challenging assumptions, not merely spotting gaps. Moves the review from cataloguing sources to interrogating dominant beliefs.

	Bourdieu and Wacquant (1992)
	Theoretical/conceptual
	Critical sociology
	Reflexive sociology - Useful for questioning whose expertise is prioritised in retail forecasting systems.
	Conceptual book
	Explains how fields, institutions and habitus shape what counts as legitimate knowledge.
	Not supply-chain specific, so application must be carefully translated.
	Strengthens epistemological positioning.
	Explains how fields, institutions and habitus shape what counts as legitimate knowledge. Useful for questioning whose expertise is prioritised in retail forecasting systems.

	Flyvbjerg (2001)
	Theoretical/conceptual
	Phronetic review
	Phronetic social science - Aligns strongly with DBA expectations for actionable, practice-based contribution.
	Conceptual book
	Argues for context-dependent, practice-relevant knowledge in social research.
	Less operationally specific, but highly useful for practitioner-facing interpretation.
	Helps justify the managerial orientation of the study.
	Argues for context-dependent, practice-relevant knowledge in social research. Aligns strongly with DBA expectations for actionable, practice-based contribution.

	Foucault (1980)
	Theoretical/conceptual
	Critical theory
	Power/knowledge - Highly relevant to algorithmic decision authority in planning and replenishment.
	Conceptual collection
	Shows how knowledge systems redistribute power and authority.
	Needs careful application to business settings, but adds depth unavailable in technical papers.
	Supports analysis of human versus AI decision-making.
	Shows how knowledge systems redistribute power and authority. Highly relevant to algorithmic decision authority in planning and replenishment.

	OECD (2019)
	Policy/governance
	Normative guidance
	AI principles - Highlights that performance claims cannot be separated from governance design.
	Policy framework
	Sets principles of fairness, transparency, accountability and robustness for AI systems.
	Policy-level rather than empirical, but vital for implementation critique.
	Useful for governance and trust dimensions.
	Sets principles of fairness, transparency, accountability and robustness for AI systems. Highlights that performance claims cannot be separated from governance design.

	UNESCO (2021)
	Policy/governance
	Normative guidance
	Ethics of AI - Extends technical evaluation into ethical and institutional terrain.
	Policy framework
	Emphasises human oversight, inclusiveness and accountability in AI deployment.
	Abstract at times, but highly relevant to organisational AI adoption.
	Supports the human-oversight argument.
	Emphasises human oversight, inclusiveness and accountability in AI deployment. Extends technical evaluation into ethical and institutional terrain.

	Christopher (2016)
	Core theory
	Conceptual foundation
	Supply chain management - Makes clear why forecasting quality matters for cost and service outcomes.
	Textbook/conceptual
	Positions responsiveness, agility and efficiency as central to supply-chain performance.
	Pre-AI in emphasis, so it needs updating for digital contexts.
	Provides the performance lens for the review.
	Positions responsiveness, agility and efficiency as central to supply-chain performance. Makes clear why forecasting quality matters for cost and service outcomes.

	Mentzer et al. (2001)
	Core theory
	Conceptual foundation
	Supply chain orientation - Supports the argument that forecasting and replenishment must be studied together.
	Conceptual paper
	Defines the supply chain as a coordinated system rather than a set of isolated functions.
	Older source, but still foundational for systems-level thinking.
	Anchors the coordination logic of the topic.
	Defines the supply chain as a coordinated system rather than a set of isolated functions. Supports the argument that forecasting and replenishment must be studied together.

	Chopra and Meindl (2019)
	Core theory
	Conceptual foundation
	Operations and supply chain management - Connects forecast quality directly to operational consequences.
	Textbook/analytical
	Shows how forecasting affects inventory, transport, capacity and service decisions.
	Managerial rather than critical in tone, so needs supplementation with critical sources.
	Useful for clarifying dependent performance variables.
	Shows how forecasting affects inventory, transport, capacity and service decisions. Connects forecast quality directly to operational consequences.

	Waller and Fawcett (2013)
	Emerging theory
	Conceptual paper
	Big data and SCM - Highlights that data richness alone does not guarantee better decisions.
	Conceptual paper
	Argues that analytics and big data are reshaping supply-chain decision processes.
	Important bridge to AI-era analytics, though early in the digital transition.
	Supports the move from classical forecasting to AI-enabled planning.
	Argues that analytics and big data are reshaping supply-chain decision processes. Highlights that data richness alone does not guarantee better decisions.

	Ivanov and Dolgui (2021)
	Emerging theory
	Conceptual/review
	Digital supply chain resilience - Useful for linking forecasting technologies to wider operational capabilities.
	Conceptual paper
	Explains how digital technologies change visibility, resilience and decision speed in supply chains.
	Broader than retail forecasting, but highly relevant for contextual framing.
	Helps situate forecasting in digital transformation.
	Explains how digital technologies change visibility, resilience and decision speed in supply chains. Useful for linking forecasting technologies to wider operational capabilities.

	Toorajipour et al. (2021)
	Review paper
	Systematic review
	AI in supply chain management - Useful for locating forecasting within the wider AI-in-SCM field.
	Systematic review
	Reviews the application of AI across supply-chain functions and identifies implementation opportunities and constraints.
	Breadth is a strength, though depth on retail replenishment is limited.
	Helps position the topic within current SCM debates.
	Reviews the application of AI across supply-chain functions and identifies implementation opportunities and constraints. Useful for locating forecasting within the wider AI-in-SCM field.

	Modgil et al. (2022)
	Review paper
	Systematic review
	AI and supply-chain sustainability/performance - Highlights the dominance of positivist and performance-centric paradigms.
	Systematic review
	Shows that AI research in supply chains often prioritises optimisation and efficiency outcomes.
	Broader than forecasting alone, but valuable for paradigm critique.
	Supports critical assessment of dominant research tendencies.
	Shows that AI research in supply chains often prioritises optimisation and efficiency outcomes. Highlights the dominance of positivist and performance-centric paradigms.

	Dwivedi et al. (2021)
	Review paper
	Integrative review
	AI adoption in business - Useful for connecting forecasting systems to organisational adoption issues.
	Review paper
	Synthesises AI opportunities, risks and organisational challenges across business settings.
	Not retail-specific, but strong on governance and implementation tensions.
	Supports the adoption and managerial implications angle.
	Synthesises AI opportunities, risks and organisational challenges across business settings. Useful for connecting forecasting systems to organisational adoption issues.

	Donthu et al. (2021)
	Methodological review
	Bibliometric guidance
	Bibliometric analysis - Useful if the bibliography later expands into citation mapping.
	Method paper
	Explains how bibliometric reviews can map field structure, clusters and trends.
	Needs conceptual interpretation to avoid becoming mechanical.
	Supports future extension of the review design.
	Explains how bibliometric reviews can map field structure, clusters and trends. Useful if the bibliography later expands into citation mapping.

	Arksey and O’Malley (2005)
	Methodological review
	Scoping review guidance
	Scoping methodology - Helpful for early-stage topic scoping before tighter inclusion criteria are applied.
	Method paper
	Provides a framework for mapping fragmented fields where concepts and boundaries remain fluid.
	Not sufficient alone for a final doctoral CLR, but useful in early design.
	Supports search-strategy development.
	Provides a framework for mapping fragmented fields where concepts and boundaries remain fluid. Helpful for early-stage topic scoping before tighter inclusion criteria are applied.



Synthesis: These sources agree that a DBA literature review must be concept-led, explicit about method, and oriented toward contribution rather than description. They also show that criticality requires more than bias-checking: it requires problematization, epistemological awareness and reflexive positioning. What is missing in much of the foundational review-method literature is a direct application to AI-enabled retail decision systems, which this study supplies.



Theme 2: Empirical retail forecasting and replenishment
	Citation
	Literature Type
	Review Type
	Key Insight
	Theoretical Lens
	Methodology
	Critical Evaluation
	Relevance
	Example Description

	Fildes, Ma and Kolassa (2022)
	Empirical review
	Narrative/systematic retail review
	Retail forecasting - Shows why retail forecasting is unusually complex and context-sensitive.
	Review article
	Reviews strategic and operational retail forecasting problems and the role of promotions and dimensionality.
	Seminal for the topic, though it notes evidence on newer ML methods is still evolving.
	Directly relevant to the retail focus.
	Reviews strategic and operational retail forecasting problems and the role of promotions and dimensionality. Shows why retail forecasting is unusually complex and context-sensitive.

	Huber et al. (2020)
	Empirical study
	ML application
	Daily retail demand forecasting - Demonstrates practical forecasting gains in a real retail context.
	Quantitative empirical
	Compares ML methods for daily retail forecasting with special-day effects and finds ML superiority in a large-scale retail setting.
	Strong operational relevance, though focused on demand accuracy more than replenishment outcomes.
	Useful evidence for AI forecasting effectiveness.
	Compares ML methods for daily retail forecasting with special-day effects and finds ML superiority in a large-scale retail setting. Demonstrates practical forecasting gains in a real retail context.

	Ma et al. (2024)
	Empirical study
	AI replenishment study
	Graph recurrent replenishment planning - Important because it explicitly links forecasting architecture to replenishment outcomes.
	Quantitative empirical
	Shows that graph-based deep learning can improve store-SKU replenishment performance and reduce inventory cost.
	Very strong topical fit, though evidence is still context-bound to selected categories and one retailer.
	One of the most direct sources for the research question.
	Shows that graph-based deep learning can improve store-SKU replenishment performance and reduce inventory cost. Important because it explicitly links forecasting architecture to replenishment outcomes.

	Goltsos et al. (2022)
	Empirical/conceptual
	Gap-focused review
	Inventory–forecasting interface - Clarifies a central theoretical disconnect in the literature.
	Review article
	Argues that forecasting and inventory research often develop separately despite their operational dependence.
	Excellent for gap construction, though more conceptual than implementation-focused.
	Supports the review’s core integration argument.
	Argues that forecasting and inventory research often develop separately despite their operational dependence. Clarifies a central theoretical disconnect in the literature.

	Van Donselaar et al. (2010)
	Empirical study
	Retail operations study
	Shelf-space and replenishment decisions - Reinforces the operational consequences of forecast quality.
	Quantitative empirical
	Shows that retail operational forecasting shapes ordering and inventory decisions at store level.
	Pre-AI, but foundational for understanding demand-to-replenishment translation.
	Useful background for operational logic.
	Shows that retail operational forecasting shapes ordering and inventory decisions at store level. Reinforces the operational consequences of forecast quality.

	Van Donselaar et al. (2006)
	Empirical study
	Retail perishables study
	Perishable demand and ordering - Highlights why service levels and waste must be considered together.
	Quantitative empirical
	Demonstrates the critical role of short-horizon forecasts in perishable retail settings.
	Older and product-specific, but still valuable for perishability contexts.
	Relevant to service-level and waste implications.
	Demonstrates the critical role of short-horizon forecasts in perishable retail settings. Highlights why service levels and waste must be considered together.

	Taylor (2007)
	Empirical study
	Forecasting model study
	Quantile regression for supermarket sales - Important because replenishment decisions often depend on service quantiles rather than point forecasts.
	Quantitative empirical
	Shows that quantile forecasting can better support retail inventory decisions than mean forecasting alone.
	Method-focused, but operationally meaningful.
	Useful for linking forecasting form to replenishment policy.
	Shows that quantile forecasting can better support retail inventory decisions than mean forecasting alone. Important because replenishment decisions often depend on service quantiles rather than point forecasts.

	Trapero et al. (2019a)
	Empirical study
	Forecasting/inventory study
	Safety stock estimation - Bridges forecasting outputs to inventory policy.
	Quantitative empirical
	Shows that improved predictive distributions can enhance safety-stock estimation.
	Technical, but directly relevant to replenishment performance.
	Supports the accuracy-to-stock-policy pathway.
	Shows that improved predictive distributions can enhance safety-stock estimation. Bridges forecasting outputs to inventory policy.

	Trapero et al. (2019b)
	Empirical study
	Forecast combination study
	Quantile forecast combination - Useful for showing that operational value may come from forecast design, not just model choice.
	Quantitative empirical
	Demonstrates that combining quantile forecasts can improve safety-stock decisions.
	Narrow in scope, but strong for service-level reasoning.
	Relevant to replenishment decision quality.
	Demonstrates that combining quantile forecasts can improve safety-stock decisions. Useful for showing that operational value may come from forecast design, not just model choice.

	Kolassa (2016)
	Empirical study
	Distributional forecasting
	Predictive count distributions in retail - Strengthens the case that decision quality depends on distributional understanding.
	Quantitative empirical
	Shows that retail sales forecasting benefits from evaluating full predictive distributions rather than only point errors.
	More methodological than managerial, but highly applicable.
	Supports service-level and uncertainty analysis.
	Shows that retail sales forecasting benefits from evaluating full predictive distributions rather than only point errors. Strengthens the case that decision quality depends on distributional understanding.

	Huang et al. (2014)
	Empirical study
	Retail forecasting study
	Competitive information in FMCG sales forecasting - Shows why contextual variables matter in retail demand prediction.
	Quantitative empirical
	Finds that competitive and promotional information can improve retail sales forecasting.
	Pre-deep-learning, but still relevant to feature richness and causal structure.
	Useful for contextual complexity in forecasting.
	Finds that competitive and promotional information can improve retail sales forecasting. Shows why contextual variables matter in retail demand prediction.

	Ma, Fildes and colleagues (2016)
	Empirical study
	Retail forecasting study
	High-dimensional SKU sales forecasting - Strong evidence that retail demand is shaped by cross-item promotional effects.
	Quantitative empirical
	Shows that intra- and inter-category promotional information can improve SKU-level forecasting.
	Important precursor to later graph-based replenishment work.
	Relevant to causal and feature-rich forecasting.
	Shows that intra- and inter-category promotional information can improve SKU-level forecasting. Strong evidence that retail demand is shaped by cross-item promotional effects.

	Ma et al. (2021)
	Empirical study
	Retail forecasting study
	Meta-learning for retail sales - Shows the move toward global models that learn across series rather than per-series isolation.
	Quantitative empirical
	Explores meta-learning to improve retail sales forecasting across many SKUs.
	Innovative but may raise interpretability and transferability questions.
	Relevant to scalability in retail forecasting.
	Explores meta-learning to improve retail sales forecasting across many SKUs. Shows the move toward global models that learn across series rather than per-series isolation.

	Ban et al. (2019)
	Empirical study
	Data-driven inventory study
	Big-data newsvendor - Strong bridge from predictive modelling to operational action.
	Quantitative empirical
	Shows how machine-learning-driven decisions can improve inventory choices under uncertain demand.
	Not retail-exclusive, but highly relevant to replenishment under uncertainty.
	Supports the performance pathway.
	Shows how machine-learning-driven decisions can improve inventory choices under uncertain demand. Strong bridge from predictive modelling to operational action.

	Huber et al. (2019)
	Empirical study
	Data-driven inventory study
	Data-driven newsvendor - Important because it moves from prediction to decision rules.
	Quantitative empirical
	Demonstrates how demand data can be translated into better inventory decisions.
	Not explicitly AI-centric, but highly relevant to decision integration.
	Supports decision-quality reasoning.
	Demonstrates how demand data can be translated into better inventory decisions. Important because it moves from prediction to decision rules.

	Cao et al. (2019)
	Empirical study
	Quantile forecasting/inventory study
	Nonstationary demand - Useful where retail demand is volatile and nonstationary.
	Quantitative empirical
	Shows that quantile forecasting improves inventory management under changing demand conditions.
	Technical, but operationally meaningful.
	Relevant to dynamic replenishment performance.
	Shows that quantile forecasting improves inventory management under changing demand conditions. Useful where retail demand is volatile and nonstationary.

	Beutel et al. (2012)
	Empirical study
	Safety stock study
	Causal demand forecasting - Supports the argument that better explanatory models can improve operational policy.
	Quantitative empirical
	Links causal forecasting to safety-stock planning and improved inventory outcomes.
	Older and narrower in context, but still useful.
	Relevant to inventory cost and service level.
	Links causal forecasting to safety-stock planning and improved inventory outcomes. Supports the argument that better explanatory models can improve operational policy.

	Riesenegger et al. (2023)
	Review paper
	Literature review
	Food waste in grocery operations - Adds sustainability and waste to performance evaluation.
	Review article
	Shows how grocery forecasting and replenishment affect food waste outcomes.
	Not purely AI-focused, but valuable for broader managerial implications.
	Relevant to retail perishables and replenishment.
	Shows how grocery forecasting and replenishment affect food waste outcomes. Adds sustainability and waste to performance evaluation.

	Kuhn and Sternbeck (2013)
	Empirical/conceptual
	Retail logistics study
	Hub-and-spoke retail distribution - Provides context for why replenishment matters in large retail chains.
	Conceptual/empirical
	Explains why centralised retail logistics rely on accurate store-SKU decisions.
	Less forecasting-specific, but helpful for operational setting.
	Useful for industry context.
	Explains why centralised retail logistics rely on accurate store-SKU decisions. Provides context for why replenishment matters in large retail chains.

	Makridakis et al. (2022)
	Competition study
	Forecasting competition review
	M5 uncertainty competition - Important because retail-like large-scale settings reveal strengths and weaknesses of advanced methods.
	Quantitative competition
	Shows the state of the art in large-scale demand forecasting and uncertainty estimation.
	Competition settings can differ from organisational practice.
	Useful benchmark evidence for modern forecasting methods.
	Shows the state of the art in large-scale demand forecasting and uncertainty estimation. Important because retail-like large-scale settings reveal strengths and weaknesses of advanced methods.


Synthesis: Studies in this theme broadly agree that retail demand is operationally consequential because forecast quality affects ordering, waste, service and inventory cost. They conflict, however, on how directly improvements in forecast accuracy convert into replenishment performance, especially under promotion, perishability and cross-SKU effects. The missing element is an integrative explanation of why some forecasting gains translate into operational value while others dissipate in practice.
Theme 3: AI and forecasting methods
	Citation
	Literature Type
	Review Type
	Key Insight
	Theoretical Lens
	Methodology
	Critical Evaluation
	Relevance
	Example Description

	Hyndman et al. (2008)
	Methodological/empirical
	Automatic forecasting methods
	Forecast package / automatic time-series forecasting - Shows why classical baselines remain essential.
	Methodological paper
	Systematises automatic forecasting methods and supports scalable benchmarking.
	Foundational rather than AI-specific, but crucial for fair comparison.
	Benchmark reference for method selection.
	Systematises automatic forecasting methods and supports scalable benchmarking. Shows why classical baselines remain essential.

	Hyndman and Athanasopoulos (2018)
	Methodological text
	Forecasting methods guide
	Forecasting principles and practice - Vital for understanding what AI methods are being compared against.
	Textbook/methodological
	Provides a clear foundation for ARIMA, ETS and forecast evaluation.
	Not retail-specific, but indispensable as a methodological base.
	Supports rigorous method comparison.
	Provides a clear foundation for ARIMA, ETS and forecast evaluation. Vital for understanding what AI methods are being compared against.

	Box and Jenkins (1970/2015 ed.)
	Methodological text
	Classical forecasting
	ARIMA methodology - Important because many retail ML gains are only meaningful relative to strong baselines.
	Methodological text
	Establishes the ARIMA tradition for autocorrelated time series.
	Classical rather than contemporary, but still foundational.
	Supports historical and methodological grounding.
	Establishes the ARIMA tradition for autocorrelated time series. Important because many retail ML gains are only meaningful relative to strong baselines.

	Breiman (2001)
	Methodological paper
	Machine-learning method
	Random forests - Useful because retail demand data often involve rich interactions and nonlinearity.
	Algorithm paper
	Introduces random forests as a flexible nonlinear ensemble method.
	Method paper, so operational implications must be inferred.
	Relevant to AI forecasting model comparisons.
	Introduces random forests as a flexible nonlinear ensemble method. Useful because retail demand data often involve rich interactions and nonlinearity.

	Chen and Guestrin (2016)
	Methodological paper
	Machine-learning method
	XGBoost - Highly relevant to retail datasets with many engineered features.
	Algorithm paper
	Introduces a scalable boosted-tree method effective for structured tabular data.
	Strong predictive method, though not inherently interpretable for managers.
	Relevant to modern retail demand modelling.
	Introduces a scalable boosted-tree method effective for structured tabular data. Highly relevant to retail datasets with many engineered features.

	Hochreiter and Schmidhuber (1997)
	Methodological paper
	Deep-learning method
	LSTM - Important for retail demand histories with longer dependencies.
	Algorithm paper
	Introduces long short-term memory networks for sequence learning.
	Interpretability remains a limitation in managerial contexts.
	Relevant to deep-learning forecasting.
	Introduces long short-term memory networks for sequence learning. Important for retail demand histories with longer dependencies.

	Salinas et al. (2020)
	Methodological/empirical
	Deep-learning forecasting
	DeepAR - Useful for large retail portfolios with many SKUs.
	Methodological/empirical
	Shows that global autoregressive recurrent models can forecast groups of related time series effectively.
	Operational relevance is high, though model opacity remains a concern.
	Supports the case for global deep-learning methods.
	Shows that global autoregressive recurrent models can forecast groups of related time series effectively. Useful for large retail portfolios with many SKUs.

	Smyl (2020)
	Competition method
	Hybrid forecasting method
	Exponential smoothing plus RNNs - Suggests that methodological pluralism may outperform model tribalism.
	Competition paper
	Demonstrates that hybrid models can outperform pure single-family methods in large-scale forecasting.
	Competition setting, but influential for practice.
	Relevant to hybrid forecasting choices.
	Demonstrates that hybrid models can outperform pure single-family methods in large-scale forecasting. Suggests that methodological pluralism may outperform model tribalism.

	Montero-Manso et al. (2021)
	Methodological paper
	Grouped/global forecasting
	Locality and globality - Important for multi-SKU retail settings.
	Methodological paper
	Explains principles for forecasting groups of time series using local versus global models.
	Conceptually strong but less directly tied to replenishment.
	Useful for model-architecture reasoning.
	Explains principles for forecasting groups of time series using local versus global models. Important for multi-SKU retail settings.

	Januschowski et al. (2020)
	Methodological paper
	Method classification
	Forecasting method classification - Useful for structuring the method discussion in the bibliography.
	Methodological paper
	Clarifies how forecasting methods can be classified and compared.
	Indirectly operational, but strong for conceptual organisation.
	Supports methodological clarity.
	Clarifies how forecasting methods can be classified and compared. Useful for structuring the method discussion in the bibliography.

	Januschowski et al. (2022)
	Methodological review
	Forecasting methods review
	Forecasting with trees - Useful because boosted trees remain highly competitive in retail tabular data.
	Review/methodological
	Explains the use of tree-based models in forecasting tasks.
	Operational value depends on feature engineering and implementation context.
	Relevant to structured-data retail demand forecasting.
	Explains the use of tree-based models in forecasting tasks. Useful because boosted trees remain highly competitive in retail tabular data.

	Carbonneau et al. (2008)
	Empirical study
	NN forecasting review
	Neural networks for forecasting - Early evidence that AI methods can improve forecasting, but not uniformly.
	Review/empirical
	Reviews neural network forecasting applications and comparative performance.
	Older and pre-deep-learning, yet useful historically.
	Supports the evolution of AI methods.
	Reviews neural network forecasting applications and comparative performance. Early evidence that AI methods can improve forecasting, but not uniformly.

	Makridakis, Spiliotis and Assimakopoulos (2020)
	Competition review
	Forecasting competition
	M4 and ML lessons - Important for tempering AI hype with evidence.
	Quantitative review
	Shows that machine learning does not automatically dominate all forecasting contexts.
	Very useful for critical balance.
	Supports a non-deterministic view of AI superiority.
	Shows that machine learning does not automatically dominate all forecasting contexts. Important for tempering AI hype with evidence.

	Bandara et al. (2020)
	Methodological/empirical
	Global forecasting methods
	RNN/global models - Useful for retail portfolios where scale matters.
	Empirical/methodological
	Shows the promise of deep global models for large collections of related series.
	Still leaves implementation and interpretability questions.
	Relevant to chain-wide forecasting.
	Shows the promise of deep global models for large collections of related series. Useful for retail portfolios where scale matters.

	Benidis et al. (2022)
	Methodological review
	Forecasting methods review
	Neural and statistical methods - Useful for method comparison and state-of-the-art positioning.
	Review article
	Reviews modern forecasting methods including statistical and machine-learning families.
	Broad and less retail-specific, but highly useful.
	Supports the method chapter logic.
	Reviews modern forecasting methods including statistical and machine-learning families. Useful for method comparison and state-of-the-art positioning.

	Taylor and Snyder (2012)
	Empirical study
	Operational forecasting
	Promotion-sensitive retail demand - Important because AI gains can disappear if promotional context is ignored.
	Quantitative empirical
	Shows that operational retail forecasting must account for promotion effects and uncertainty.
	Not a pure AI paper, but directly relevant to causal modelling.
	Supports retail-specific feature design.
	Shows that operational retail forecasting must account for promotion effects and uncertainty. Important because AI gains can disappear if promotional context is ignored.

	Fildes and Petropoulos (2015)
	Methodological/conceptual
	Forecasting practice
	Judgement and model integration - Useful because even strong AI models are rarely used in a purely automated way.
	Conceptual/empirical
	Discusses how judgement and models interact in forecasting practice.
	Not retail-exclusive, but highly relevant to human-AI interaction.
	Supports later contradiction analysis.
	Discusses how judgement and models interact in forecasting practice. Useful because even strong AI models are rarely used in a purely automated way.

	Makridakis, Spiliotis and Assimakopoulos (2022)
	Competition review
	Forecasting competition
	Uncertainty and large-scale demand - Useful for understanding what 'better forecasting' means beyond point accuracy.
	Quantitative competition
	Shows the increasing importance of probabilistic and large-scale forecasting benchmarks.
	Competition evidence is informative but not identical to organisational use.
	Relevant to uncertainty-aware replenishment.
	Shows the increasing importance of probabilistic and large-scale forecasting benchmarks. Useful for understanding what 'better forecasting' means beyond point accuracy.

	Yu and Moyeed (2001)
	Methodological paper
	Quantile method
	Bayesian quantile regression - Important where replenishment depends on demand quantiles rather than means.
	Methodological paper
	Introduces a flexible quantile framework relevant to service-level-based inventory decisions.
	Highly technical, but conceptually relevant.
	Supports quantile-oriented replenishment logic.
	Introduces a flexible quantile framework relevant to service-level-based inventory decisions. Important where replenishment depends on demand quantiles rather than means.

	Cannon (2011)
	Methodological paper
	Quantile neural method
	Quantile regression neural networks - Useful for linking AI architectures to inventory decision thresholds.
	Methodological paper
	Demonstrates how neural approaches can be adapted for quantile forecasting.
	Method-focused and specialised, but relevant to service-level planning.
	Supports quantile forecasting in retail.
	Demonstrates how neural approaches can be adapted for quantile forecasting. Useful for linking AI architectures to inventory decision thresholds.









Theme 4: Human judgement, contradiction and adoption
	Citation
	Literature Type
	Review Type
	Key Insight
	Theoretical Lens
	Methodology
	Critical Evaluation
	Relevance
	Example Description

	Dietvorst, Simmons and Massey (2015)
	Behavioural study
	Experimental study
	Algorithm aversion - Crucial because technical superiority does not guarantee adoption.
	Experimental
	Shows that people may reject algorithms after seeing them err, even when the algorithm outperforms humans.
	Foundational behavioural evidence, though not forecasting-specific.
	Directly relevant to human overrides in retail planning.
	Shows that people may reject algorithms after seeing them err, even when the algorithm outperforms humans. Crucial because technical superiority does not guarantee adoption.

	Logg, Minson and Moore (2019)
	Behavioural study
	Experimental study
	Algorithm appreciation/aversion - Complicates simple algorithm-aversion narratives.
	Experimental
	Shows that people sometimes prefer algorithmic advice, depending on framing and task.
	Important because adoption is context-dependent rather than universally resistant.
	Useful for nuanced human–AI interpretation.
	Shows that people sometimes prefer algorithmic advice, depending on framing and task. Complicates simple algorithm-aversion narratives.

	Jarrahi (2018)
	Conceptual/empirical
	Conceptual review
	Human-AI collaboration - Useful for framing replenishment planning as collaborative intelligence rather than substitution.
	Conceptual/review
	Argues that AI should augment rather than replace human work.
	Broad across professions, but well aligned with DBA concerns.
	Supports the hybrid-decision thesis.
	Argues that AI should augment rather than replace human work. Useful for framing replenishment planning as collaborative intelligence rather than substitution.

	Raisch and Krakowski (2021)
	Conceptual review
	Conceptual paper
	Artificial and human intelligence in organisations - Useful for linking forecasting tools to organisational decision architecture.
	Conceptual paper
	Explains how organisations need to redesign decision structures around hybrid intelligence.
	Not forecasting-specific, but very strong theoretically.
	Relevant to managerial implications.
	Explains how organisations need to redesign decision structures around hybrid intelligence. Useful for linking forecasting tools to organisational decision architecture.

	Glikson and Woolley (2020)
	Behavioural review
	Review article
	Human trust in AI - Important because planner trust mediates whether forecasts influence replenishment actions.
	Review article
	Synthesises determinants of trust in AI systems.
	Trust is broader than forecasting, but central to implementation.
	Supports governance and adoption arguments.
	Synthesises determinants of trust in AI systems. Important because planner trust mediates whether forecasts influence replenishment actions.

	Burton et al. (2020)
	Behavioural/conceptual
	Review paper
	Understanding algorithm aversion - Helps explain why AI gains may fail to materialise operationally.
	Review article
	Reviews why users resist algorithmic advice and when they accept it.
	Broad but valuable for behaviour-focused critique.
	Relevant to adoption barriers.
	Reviews why users resist algorithmic advice and when they accept it. Helps explain why AI gains may fail to materialise operationally.

	Dellermann et al. (2019)
	Conceptual review
	Conceptual paper
	Hybrid intelligence - Useful for moving beyond the false 'human versus AI' binary.
	Conceptual paper
	Argues that combining human and machine intelligence can create superior outcomes.
	Conceptual rather than retail empirical, but practically relevant.
	Supports a collaboration-oriented framing.
	Argues that combining human and machine intelligence can create superior outcomes. Useful for moving beyond the false 'human versus AI' binary.

	Lebovitz, Lifshitz-Assaf and Levina (2022)
	Empirical study
	Organisation study
	AI and expertise - Important because retail planners may need to reconfigure judgement rather than surrender it.
	Qualitative empirical
	Shows that AI adoption changes expertise boundaries and professional routines.
	Not forecasting-specific, but rich on organisational change.
	Relevant to practitioner adaptation.
	Shows that AI adoption changes expertise boundaries and professional routines. Important because retail planners may need to reconfigure judgement rather than surrender it.

	Bertsimas and Kallus (2020)
	Methodological/empirical
	Prescriptive analytics
	Data-driven decision-making - Useful because it links forecasting outputs to action choices.
	Quantitative conceptual
	Shows how prediction can be embedded into better prescriptive decisions.
	Stronger on optimisation than social adoption issues.
	Supports the accuracy-to-decision mechanism.
	Shows how prediction can be embedded into better prescriptive decisions. Useful because it links forecasting outputs to action choices.

	Fildes and Goodwin (2007)
	Empirical/conceptual
	Judgemental forecasting review
	Judgement in forecasting - Useful for resisting simplistic automation narratives.
	Review article
	Shows that human judgement can help or harm forecasting depending on process design.
	Older but still central to forecasting practice.
	Supports human intervention analysis.
	Shows that human judgement can help or harm forecasting depending on process design. Useful for resisting simplistic automation narratives.

	Goodwin and Fildes (1999)
	Empirical study
	Judgemental adjustment study
	Forecast adjustment - Important precursor to current human-versus-AI debates.
	Empirical
	Examines when managerial forecast adjustments improve or worsen model-based forecasts.
	Older evidence, but highly relevant conceptually.
	Supports the critique of unchecked overrides.
	Examines when managerial forecast adjustments improve or worsen model-based forecasts. Important precursor to current human-versus-AI debates.

	Humans vs. large language models (2024)
	Empirical study
	Judgmental forecasting study
	Humans versus advanced AI - Shows that the human–AI relationship is evolving with generative models.
	Experimental/empirical
	Compares human and advanced AI judgement in forecasting tasks.
	New and important, though field applicability is still developing.
	Relevant to the latest decision-support debates.
	Compares human and advanced AI judgement in forecasting tasks. Shows that the human–AI relationship is evolving with generative models.

	Forecast value added in demand planning (2024)
	Empirical study
	Demand-planning study
	Forecast value added - Very relevant because it questions the value of human overrides.
	Empirical
	Shows that interventions in the forecasting process do not automatically improve outcomes.
	Strong topical fit, though specific implementation details matter.
	Supports critical analysis of decision process quality.
	Shows that interventions in the forecasting process do not automatically improve outcomes. Very relevant because it questions the value of human overrides.

	Introduction to the Special Issue on the Human-Algorithm Connection (2023)
	Conceptual review
	Special issue introduction
	Human–algorithm interaction - Useful for connecting forecasting to broader human-algorithm literature.
	Conceptual/review
	Frames human–algorithm interaction as a managerial and organisational challenge rather than a technical side issue.
	Broad rather than retail-specific.
	Strengthens the contradiction theme.
	Frames human–algorithm interaction as a managerial and organisational challenge rather than a technical side issue. Useful for connecting forecasting to broader human-algorithm literature.

	Bansal et al. (2021)
	Empirical study
	Human-AI complementarity study
	Decision support and trust - Useful for identifying moderators of adoption.
	Experimental/empirical
	Explores when humans benefit from and trust AI-supported decisions.
	Not retail-specific, but relevant to planner interaction.
	Supports the adoption lens.
	Explores when humans benefit from and trust AI-supported decisions. Useful for identifying moderators of adoption.

	Kuncel et al. (2013)
	Behavioural review
	Judgement review
	Mechanical versus clinical judgement - Provides a long-run behavioural backdrop to current AI debates.
	Review article
	Shows that structured models often outperform unaided human judgement.
	Not AI-specific, but conceptually relevant to algorithmic decision-making.
	Supports critique of intuition-heavy planning.
	Shows that structured models often outperform unaided human judgement. Provides a long-run behavioural backdrop to current AI debates.

	Meehl (1954)
	Foundational behavioural text
	Comparative judgement review
	Clinical versus statistical prediction - Seminal for understanding current algorithm debates.
	Book
	Classic argument that statistical prediction often beats subjective judgement.
	Very old, but still theoretically important.
	Useful as a seminal anchor.
	Classic argument that statistical prediction often beats subjective judgement. Seminal for understanding current algorithm debates.

	Cummings (2004)
	Behavioural/conceptual
	Automation study
	Automation bias - Useful because human–AI problems include both aversion and blind acceptance.
	Conceptual/review
	Shows that automation can create over-reliance as well as resistance.
	Not forecasting-specific, but highly transferable.
	Supports balanced critique of automation.
	Shows that automation can create over-reliance as well as resistance. Useful because human–AI problems include both aversion and blind acceptance.

	Parasuraman and Riley (1997)
	Behavioural review
	Automation study
	Humans and automation - Strong theoretical precursor to algorithm-adoption issues.
	Review article
	Explains misuse, disuse and abuse of automation in organisational settings.
	Older source, but still highly relevant.
	Supports the design of human oversight.
	Explains misuse, disuse and abuse of automation in organisational settings. Strong theoretical precursor to algorithm-adoption issues.

	Service-level anchoring in demand forecasting (2024)
	Empirical study
	Retail forecasting study
	Promotions, perishability and service levels - Important because it demonstrates how context mediates the performance value of forecasts.
	Empirical
	Shows that service-level framing, promotions and perishability affect forecasting and replenishment decisions.
	Strong topical fit and direct relevance to retail operations.
	Supports context-dependent performance analysis.
	Shows that service-level framing, promotions and perishability affect forecasting and replenishment decisions. Important because it demonstrates how context mediates the performance value of forecasts.



Synthesis: This theme shows the clearest contradiction in the literature. Technical and prescriptive papers imply superior algorithmic guidance, while behavioural and organisational sources show distrust, override behaviour and expertise tensions. The missing link is a context-specific account of when human intervention improves forecast use and when it destroys value in retail replenishment settings.


Theme 5: Emerging trends, governance and mixed-method implications
	Citation
	Literature Type
	Review Type
	Key Insight
	Theoretical Lens
	Methodology
	Critical Evaluation
	Relevance
	Example Description

	OECD (2019)
	Policy/governance
	Principles framework
	Trustworthy AI - Useful for evaluating whether forecasting systems are governable as well as accurate.
	Policy framework
	Provides principles for accountable, transparent and robust AI systems.
	Policy level, but central to managerial implementation.
	Supports governance criteria.
	Provides principles for accountable, transparent and robust AI systems. Useful for evaluating whether forecasting systems are governable as well as accurate.

	UNESCO (2021)
	Policy/governance
	Ethics framework
	Recommendation on the ethics of AI - Adds an ethical layer often missing from optimisation studies.
	Policy framework
	Stresses human oversight, fairness, accountability and social responsibility.
	Abstract, but highly relevant to organisational policy.
	Supports the ethics and oversight angle.
	Stresses human oversight, fairness, accountability and social responsibility. Adds an ethical layer often missing from optimisation studies.

	Dwivedi et al. (2021)
	Review paper
	Integrative review
	AI in business and society - Useful for connecting technical forecasting systems to organisational realities.
	Review article
	Reviews opportunities, risks and implementation issues around AI adoption.
	Broad in scope, but strong on implementation tensions.
	Supports managerial and governance discussion.
	Reviews opportunities, risks and implementation issues around AI adoption. Useful for connecting technical forecasting systems to organisational realities.

	Waller and Fawcett (2013)
	Conceptual paper
	Big-data SCM review
	Data science and SCM - Useful precursor to AI-enabled forecasting architectures.
	Conceptual
	Argues that big-data capabilities alter supply-chain decision structures.
	Early in the analytics wave, but still influential.
	Supports digital-transition framing.
	Argues that big-data capabilities alter supply-chain decision structures. Useful precursor to AI-enabled forecasting architectures.

	Min (2010)
	Conceptual/review
	Technology review
	Artificial intelligence in SCM - Valuable as an early overview of AI’s SCM promise.
	Review article
	Discusses AI applications across supply-chain activities.
	Older and pre-deep-learning, but historically important.
	Supports the longitudinal evolution of the field.
	Discusses AI applications across supply-chain activities. Valuable as an early overview of AI’s SCM promise.

	Choi, Wallace and Wang (2018)
	Review paper
	Narrative review
	Big data analytics in operations and SCM - Useful for linking forecasting to broader analytics capability.
	Review article
	Shows how analytics reshape decision quality across operations and SCM contexts.
	Broader than retail forecasting, but strategically relevant.
	Supports emerging-trends mapping.
	Shows how analytics reshape decision quality across operations and SCM contexts. Useful for linking forecasting to broader analytics capability.

	Ivanov and Dolgui (2020)
	Conceptual paper
	Digital operations review
	Viability and resilience in digital supply chains - Useful for connecting forecasting visibility to broader performance outcomes.
	Conceptual
	Shows how digital technologies alter control, resilience and adaptation.
	Less directly forecasting-centred, but very relevant contextually.
	Supports the dynamic-performance perspective.
	Shows how digital technologies alter control, resilience and adaptation. Useful for connecting forecasting visibility to broader performance outcomes.

	Belhadi et al. (2021)
	Review paper
	Systematic review
	AI and big data in supply chains - Useful for locating forecasting within a wider capability stack.
	Systematic review
	Synthesises how AI and analytics improve supply-chain processes and identifies implementation barriers.
	Breadth can dilute retail specificity.
	Supports technology-integration analysis.
	Synthesises how AI and analytics improve supply-chain processes and identifies implementation barriers. Useful for locating forecasting within a wider capability stack.

	Alicke et al. (2021)
	Industry/report literature
	Managerial report
	Digital supply chains and AI - Useful for practitioner relevance and current managerial discourse.
	Industry report
	Shows that firms pursue AI in planning for service and cost benefits.
	Not peer-reviewed; should supplement, not replace, academic evidence.
	Adds practitioner context.
	Shows that firms pursue AI in planning for service and cost benefits. Useful for practitioner relevance and current managerial discourse.

	NVIDIA (2024)
	Industry/report literature
	Industry survey
	State of AI in retail - Useful for signalling practitioner momentum.
	Industry report
	Reports rising retail investment in AI for forecasting and operational decisions.
	Survey-based and vendor-produced, so critical distance is needed.
	Adds current retail practice context.
	Reports rising retail investment in AI for forecasting and operational decisions. Useful for signalling practitioner momentum.

	Ransbotham et al. (2020)
	Industry/research report
	Survey study
	Expanding AI’s impact with organisational learning - Useful for explaining why technical capability alone does not ensure performance.
	Survey/report
	Shows that organisational learning and change management affect AI value capture.
	Survey evidence is indicative rather than causal.
	Supports implementation insights.
	Shows that organisational learning and change management affect AI value capture. Useful for explaining why technical capability alone does not ensure performance.

	Jöhnk et al. (2021)
	Review paper
	Systematic review
	Decision support and AI adoption - Useful for the adoption and decision-governance dimension.
	Systematic review
	Synthesises organisational antecedents of AI adoption and deployment.
	Broader than SCM, but conceptually relevant.
	Supports managerial implications.
	Synthesises organisational antecedents of AI adoption and deployment. Useful for the adoption and decision-governance dimension.

	Ammirato et al. (2021)
	Review paper
	Systematic review
	AI in retailing - Useful for retail-specific context beyond forecasting alone.
	Systematic review
	Reviews how AI is changing retail operations and customer-facing processes.
	May foreground customer analytics more than replenishment.
	Supports the retail transformation backdrop.
	Reviews how AI is changing retail operations and customer-facing processes. Useful for retail-specific context beyond forecasting alone.

	Modgil et al. (2022)
	Review paper
	Review article
	AI-enabled supply chain sustainability/performance - Useful for seeing how performance is theorised in adjacent work.
	Review article
	Shows that AI research often emphasises efficiency, sustainability and performance outcomes.
	Not limited to forecasting, but helpful for broad synthesis.
	Supports cross-field linkage.
	Shows that AI research often emphasises efficiency, sustainability and performance outcomes. Useful for seeing how performance is theorised in adjacent work.

	Mikalef and Gupta (2021)
	Empirical/conceptual
	Capability study
	AI capability and business value - Useful because it explains why model quality alone is insufficient.
	Empirical/conceptual
	Shows that data, technology and managerial capabilities jointly shape AI value creation.
	Not retail-specific, but highly relevant to capability mediators.
	Supports the mediated-performance argument.
	Shows that data, technology and managerial capabilities jointly shape AI value creation. Useful because it explains why model quality alone is insufficient.

	Keding (2020)
	Conceptual paper
	Ethics/governance review
	Understanding AI adoption and ethics - Useful for broadening Part 2 beyond technical performance.
	Conceptual/review
	Shows how ethical and organisational issues intersect in AI adoption.
	Abstract, but relevant to responsible implementation.
	Supports governance critique.
	Shows how ethical and organisational issues intersect in AI adoption. Useful for broadening Part 2 beyond technical performance.

	Davenport and Ronanki (2018)
	Managerial article
	Practice review
	AI for the real world - Useful because it tempers AI hype with implementation realism.
	Managerial review
	Argues that many AI projects create value only when aligned to operational processes.
	Managerial rather than scholarly, so should be used selectively.
	Adds practitioner-oriented realism.
	Argues that many AI projects create value only when aligned to operational processes. Useful because it tempers AI hype with implementation realism.

	Saghafian et al. (2021)
	Empirical/conceptual
	Operations and analytics study
	Human-algorithm collaboration - Useful for bridging governance and decision quality.
	Empirical/conceptual
	Examines how organisations can combine analytics with human expertise for better operational decisions.
	Broader than forecasting, but transferable.
	Supports collaborative-intelligence framing.
	Examines how organisations can combine analytics with human expertise for better operational decisions. Useful for bridging governance and decision quality.

	Benbya et al. (2021)
	Conceptual paper
	Digital transformation review
	AI, data and organisational design - Useful for explaining why replenishment benefits vary across organisations.
	Conceptual/review
	Shows that digital value depends on organisational adaptation, not only tool deployment.
	Not retail-specific, but highly relevant to DBA framing.
	Supports organisational-context explanations.
	Shows that digital value depends on organisational adaptation, not only tool deployment. Useful for explaining why replenishment benefits vary across organisations.

	Boute et al. (2022)
	Review paper
	Roadmap review
	Deep reinforcement learning for inventory control - Useful as an emerging-trends source at the forecasting–inventory interface.
	Review article
	Maps how advanced AI methods are entering inventory-control research.
	Roadmap work is prospective rather than implementation proof.
	Supports the emerging-trends theme.
	Maps how advanced AI methods are entering inventory-control research. Useful as an emerging-trends source at the forecasting–inventory interface.
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