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Abstract

Paper aims: This research maps the evolution of intelligent omnichannel fulfillment models via a Systematic Literature Review 
(SLR), addressing the gap in literature which lacks a comprehensive synthesis of these models and their critical trade-offs.

Originality: The study provides an evolutionary framework that organizes the field’s progression. Its primary contribution 
is charting this trajectory as a response to the evolving trade-off between cost efficiency and operational responsiveness.

Research method: A PRISMA-guided Sistematic Literature Review was conducted using Scopus and Web of Science 
databases, covering publications from database’s inception to November 2025. An initial 1,975 papers were screened, 
resulting in a final in-depth qualitative analysis of 33 core articles.

Main findings: The analysis reveals the evolutionary trajectory for fulfillment models. The field progresses from (1) 
operational efficiency in warehousing and transportation via heuristics to (2) inventory positioning strategies under 
uncertainty using stochastic models, and culminating in (3) Artificial Intelligence (AI)-driven approaches focused on supply 
chain resilience and lead-time compression. This progression is shown to be a direct response to the limitations of each 
preceding paradigm, proposing approaches that prioritize both scalability and responsiveness.

Implications for theory and practice: For researchers, this study offers a consolidated state-of-the-art framework and a 
structured research agenda focused on AI-based solutions, operational realism, and new decentralized decision structures. 
For practitioners, it serves as a guide to select appropriate models based on operational complexity and strategic goals, 
identifying AI as the key enabler for the next generation of adaptive fulfillment systems.
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1. Introduction

The convergence of physical and digital retail channels through omnichannel represents a new paradigm 
for retailer-consumer interactions (Aragão et al., 2024). However, while it generates strategic benefits for both 
retailers and customers, it creates significant operational challenges (Schweitzer et al., 2025; Souza et al., 2023a), 
particularly in adapting their fulfillment operations to meet increasing customer expectations for speed, flexibility, 
and reliability (Raj et al., 2024; Souza et al., 2022a).

In response to this, omnichannel retailers have adopted decentralized fulfillment strategies, leveraging multiple 
shipping origins (Souza et al., 2023b). These locations include Distribution Centers (DC) (Trichai et al., 2021), 
Fulfillment Centers (FC) (Kawa, 2021), Drop Shipping (D) (Mesquita et al., 2022), Stores (S), Franchising (F) 
(Xu & Cao, 2019), among other possibilities. The viability of using these distribution points for order fulfillment 
depends on them maintaining adequate inventory level to meet demand (Souza et al., 2022b, 2023b). Consequently, 
a multifaceted set of variables should be interconnected, including inventory levels, shipping costs, transportation 
modes, and the potential for order splitting (Guan et al., 2024; Tang et al., 2024).

According to Raj et al. (2024) the fulfillment process involves several strategic and operational decisions 
(Marques & Marques, 2025). One of the key challenges is determining the optimal shipping origin based on the 
order’s destination, which directly impacts both service level and cost efficiency (Neves-Moreira & Amorim, 2024). 
Shipping from a closer location can reduce delivery time and improve customer satisfaction; however, it may 
increase operational costs as the real estate cost of densely populated areas and the consequent costs to hold 
stock in these places is usually higher (Wang & Minner, 2024) than centralized warehouses that are typically 
located in low-cost areas with optimized infrastructure (Xu & Cao, 2019). This creates a trade-off between 
ensuring high service levels – such as faster delivery and product availability – and minimizing logistics and 
inventory costs (Dai et al., 2024).

To navigate this complexity, the field has seen the rise of intelligent fulfillment models, which leverage 
advanced approaches to optimize inventory, allocation, and delivery decisions in dynamic and uncertain 
environments (Souza, 2022; Souza  et  al., 2023c). These models represent an evolution from traditional 
mathematical optimization and heuristics, which primarily focus on cost, to more sophisticated stochastic 
and based on Artificial Intelligence (AI) models designed to manage uncertainty and enhance responsiveness 
(Malik & Vidyarthi, 2025).

The application of AI and Machine Learning (ML) in the online order fulfillment allocation allows systems to 
learn from historical data and real-time interactions, developing adaptive fulfillment policies (Bell, 2022). From 
a Supply Chain Management (SCM) perspective, these models are critical for managing inventory fragmentation 
and multi-echelon coordination, balancing competing objectives such as Total Logistics Cost (TLC) minimization 
and strict Service Level Agreement (SLA) compliance (Giannoccaro & Pontrandolfo, 2002). Empirical studies have 
demonstrated that these AI-based approaches, particularly Deep Reinforcement Learning (DRL), can outperform 
traditional methods by significantly reducing order cycle times and inventory holding costs in dynamic omnichannel 
networks (e.g., Arslan et al., 2025; Wang & Minner, 2024). Nevertheless, this technological progression has 
not rendered traditional models obsolete, but rather expanded the toolkit available to managers, creating a 
complex spectrum of solutions (Boute et al., 2022). The optimal model choice – ranging from simpler heuristics 
to complex AI-based solutions –is contextual and depends on the retailer’s operational scale, data maturity, and 
the specific trade-offs between computational cost and responsiveness (Schweitzer et al., 2024; Sun et al., 2025).

However, there is a lack of comprehensive synthesis that organizes this knowledge into a clear evolutionary 
framework for researchers and entrepreneurs (Arslan et al., 2025; Feng et al., 2025). Specifically, literature lacks 
a mapping of the chronological and mathematical development of these models, revealing how the fundamental 
trade-off between cost and responsiveness has driven the trajectory from classical optimization to adaptive 
AI-based systems. This absence of a structured roadmap leaves both researchers and practitioners struggling 
to compare different fulfillment approaches and identify the most appropriate strategy for a given operational 
context. This study addresses this gap by synthesizing the state-of-the-art into a consolidated evolutionary 
perspective and prescriptive decision tool.

Therefore, the main goal of this research is to map the evolution of intelligent fulfillment models in 
omnichannel retail through a Systematic Literature Review (SLR). For this, the following Research Questions (RQs) 
are addressed: (1) What are the distinct mathematical and conceptual properties that characterize the evolution 
of intelligent fulfillment paradigms in literature? (2) How has the persistent trade-off between cost efficiency 
and operational responsiveness shaped the development and selection of distinct fulfillment approaches? (3) 
How can these models be strategically positioned to address existing operational gaps and guide the deployment 
of next-generation adaptive fulfillment systems?
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By answering these RQs, this study provides a significant contribution to both academia and industry. For 
researchers, it offers a chronological framework that synthesizes the state of the art, clarifies the limitations 
of current approaches, and presents a structured research agenda to advance the field. For managers and 
practitioners, it serves as a valuable guide for understanding and selecting the most appropriate fulfillment 
models based on their operational scale, complexity, and strategic priorities. Ultimately, this research provides 
a foundational roadmap for developing the next generation of adaptive fulfillment systems, particularly those 
employing AI, as proposed by Raj et al. (2024) and Wang & Minner (2024).

This article is organized as follows: the present section introduces the topic. The next section will present the 
methodology of this study, detailing the application of the SLR. In Section 3 and in subsections 3.1, 3.2, and 3.3, 
address the previously presented research questions. Finally, in Section 4, conclude this research with insights into 
future research directions.

2. Method

To achieve the aim of this study, an SLR was conducted based on the Preferred Reporting Items for Systematic 
reviews and Meta-Analyses (PRISMA) guidelines developed by Page et al. (2021). This process consists of four main 
stages: (i) identifying papers, (ii) screening, (iii) eligibility, and (iv) inclusion. The first stage consists of carrying 
out a search for relevant studies using specific databases and predefined search terms (Souza et al., 2021a, b). For 
this, Scopus and Web of Science databases were used, which cover the main journals in the research field. Table 1 
shows an overview of the research protocol.

A deliberate decision was made to use a broad search string (“order fulfillment” OR “order allocation” OR 
“fulfillment” AND “retail”), resulting in 1,975 initial records. Preliminary tests indicated that adding specific terms like 
“artificial intelligence” or “machine learning” severely limited results, suggesting a significant risk of “false negatives” 
in an emerging field where terminology – such as Deep Reinforcement Learning or Markov Decision Processes – is 
often employed without explicit “intelligent” labels. The burden of manually screening all records was accepted to 
guarantee that seminal models were not omitted, prioritizing high comprehensiveness. The initial records were processed 
through the platform Rayyan® (Ouzzani et al., 2016) to remove duplicate articles and those irrelevant to the scope 
of this study. Titles, abstracts, and keywords were reviewed according to the eligibility criteria presented in Table 2.

Table 1. Systematic literature review research protocol detailing the search strategy, database selection, and keywords used to 
identify the initial records.

Items Description

Search string Scopus TITLE-ABS-KEY ( “Order fulfillment” OR “order allocation” OR fulfillment ) AND TITLE-ABS-KEY ( retail* ) AND 
( LIMIT-TO ( DOCTYPE , “ar” ) ) AND ( LIMIT-TO ( LANGUAGE , “English” ) )

Search string Web of Science TS = ( “Order fulfillment” OR “order allocation” OR fulfillment ) AND TS = (retail*) AND DT = (Article) AND 
LA = (English)

Document type Peer-reviewed journal articles

Time span From database’s inception to 30 November 2025

Language English

Research area No limitation

Table 2. Explicit eligibility criteria for study inclusion and exclusion based on linguistic, thematic, and methodological 
requirements to ensure a high-quality sample.

Topic Criteria Eligibility Criteria Rationale

Inclusion IC1 Peer-reviewed journal articles. To ensure the methodological rigor and scientific quality of the 
reviewed studies.

IC2 Studies proposing quantitative or analytical models for order 
fulfilment decisions.

Aligned with the review’s goal to map the mathematical 
evolution of intelligent systems.

IC3 Context focused on retail or omnichannel environments. To restrict the analysis to the specific challenges of order 
allocation in modern retail.

IC4 Articles published in English. To ensure comprehensiveness within the dominant language of 
scientific publication.

Exclusion EC1 Conference papers, review articles, books, and editorial materials. To prioritize primary research and certified peer-reviewed contributions.

EC2 Studies not addressing order fulfilment or allocation decisions. Irrelevant to the specific research scope of the systematic review.

EC3 Qualitative-only studies (e.g., frameworks, conceptual models 
without mathematical modeling).

Aligned with the focus on the evolution of quantitative, 
intelligent models.

EC4 Full-text of the article not available for download. To guarantee that the analysis is based on the full content of 
the study.
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Articles that passed initial screening underwent an in-depth full-text review. Following the inclusion and exclusion 
criteria analysis – specifically prioritizing quantitative models over qualitative-only frameworks – the sample was 
refined to 33 core articles. This results in a low inclusion rate of approximately 2%, which is justified by the strategy 
to mitigate the omission of emerging models. Figure 1 illustrates the PRISMA flow diagram of the selection process.

To ensure the scientific rigor of the synthesis, all 33 selected studies underwent a formal quality assessment 
based on criteria adapted from Petticrew & Roberts (2008). Each study was evaluated against three core 
dimensions: (i) Methodological Rigor (clarity of the mathematical formulation); (ii) Contextual Relevance (direct 
applicability to omnichannel retail); and (iii) Contribution Clarity (explicit reporting of results and limitations).

The data extraction and coding process were structured into four analytical dimensions: (1) Mathematical Paradigm 
(optimization, heuristics, stochastic, or AI) (2) Operational Scope (single-node or multi-echelon); (3) Decision Objective 
(cost, service, or resilience); and (4) Uncertainty Handling. To mitigate individual bias and ensure inter-rater reliability, 
a cross-investigator consensus protocol was employed. Two researchers independently coded the articles; discrepancies 
in categorization were resolved through technical consensus meetings, ensuring a reliable and auditable mapping of 
the literature, the results of which are synthesized in the Methodological Suitability Matrix (presented in section 3.2).. 
The assessment revealed that the final sample (n=33) maintained high standards of internal validity and analytical 
clarity, with no study falling below the acceptable threshold for qualitative synthesis.

The synthesis followed a qualitative meta-synthesis approach. Rather than a quantitative meta-analysis – which 
was not feasible due to the heterogeneity of mathematical models and performance metrics – it was employed 
thematic coding and longitudinal analysis using Mendeley® for data management. This qualitative synthesis 
allowed for the categorization of models into the evolutionary stages discussed in Section 3. By organizing 
the papers chronologically, it was identified how research progressed from deterministic cost-minimization to 
adaptive learning frameworks. Finally, each research opportunity was categorized and cross-referenced with 
real-world implementation gaps to support the subsequent discussion and research agenda.

Figure 1. PRISMA flow diagram illustrates the four-stage systematic selection process from 1,975 initial records to the final 
sample of 33 core articles.
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3. Study results

3.1. What are the distinct mathematical and conceptual properties that characterize the 
evolution of intelligent fulfillment paradigms in literature?

One of the pioneering works of Ayanso et al. (2006) is representative of this period, being the first to 
challenge short-sighted real-time order allocation decisions. Heuristics such as Order Swap and Stock Keeping 
Unit (SKU) Exchange aimed to reduce the number of split shipments, addressing a traditional SCM trade-off 
between parcel consolidation and transportation expenses. The focus on centralized warehousing and outbound 
logistics cost-minimization is consistently observed in concurrent research that focuses on minimizing outbound 
logistics expenses for multi-item orders (Jasin & Sinha, 2015), consolidation in networks with multiple 
warehouses (Zhang et al., 2021) and integrated order allocation and routing problems (Huang et al., 2015). 
The methodological progression of this phase was the incorporation of a predictive modeling capability. Instead 
of merely reacting, models such as that of Acimovic & Graves (2015) introduced forward-looking heuristics to 
minimize total costs over time, while Lei et al. (2018) developed Approximate Linear Programming to jointly 
optimize pricing and fulfillment, marking a methodological shift from a focus on cost to profit maximization. 
The sophistication of these efficiency models is also seen in optimal and heuristic policies for balancing supply 
and demand (Acimovic & Graves, 2015; Queiroz & Pereira, 2019) and in the optimization of joint inventory 
and allocation decisions (Govindarajan et al., 2021).

From the mid-2010s onwards, the rise of omnichannel retailing required reorientation from single-channel 
efficiency to multi-echelon distribution challenges. During this period, supply chain responsiveness becomes the 
critical variable. Retailers began adopting inventory pooling strategies, where physical stores act as decentralized 
distribution nodes to satisfy omnichannel demand. This phase is marked by a significant expansion of models 
to deal with new fulfillment strategies. The literature intensively investigates policies for Ship-from-Store (SFS), 
as seen in the works of Bayram & Cesaret (2020) Buy-Online-Pickup-in-Store (BOPS), with Jain et al. (2024) 
proposing bi-objective models for store selection that balance cost and customer utility, and Jin et al. (2018) 
focusing on the scheduling of these orders. The complexity of inventory management across multiple channels 
is addressed by Gao & Su (2017), Goedhart et al. (2023) and Hübner et al. (2016) who propose models for 
integrated replenishment and demand allocation decisions. The breadth of the omnichannel challenge is reflected 
in studies ranging from the design of dual-channel networks, product assortment (Srivastava  et  al., 2025) 
to online acceptance policies (Xu et al., 2022; Zhan et al., 2022) and the optimization of multi-temperature 
deliveries (Zhan et al., 2022).

In the current landscape, literature has reached a new frontier, focused on agile supply chains through 
AI and strategic flexibility. This phase represents the primary objective to integrate cost-efficiency and lead-
time compression on a large scale, focusing on supply chain resilience. The “curse of dimensionality” (i.e., a 
severe limitation caused by the exponential growth of the state space in high-dimensional stochastic models), 
which represents a limitation of traditional stochastic Markov Decision Process (MDPs) models explored by 
Arslan et al. (2025) and Wang & Minner (2024), have catalyzed the adoption of AI. Jain et al. (2024) and Wang 
& Minner (2024) are at the forefront of this evolution, applying Deep Reinforcement Learning (DRL) to solve 
complex replenishment and fulfillment policies in dynamic, high-dimensional environments where traditional 
optimization fails. In parallel, research has begun to explore new decision structures that reflect operational 
reality. Baron et al. (2024) introduced the concept of decentralized fulfillment, modeling the autonomy of 
stores to accept or reject orders. Dai et al. (2024) investigated strategic alliances among retailers, a collaborative 
model to increase collective profit. The search for flexibility has also generated new models, such as that of 
Arslan et al. (2020, 2025) which analyzed the value of standard delivery contracts to optimize inventory. This 
research is further supported by approaches that employ advanced theories to deal with online uncertainty, such 
as prophet inequality in Amil et al. (2023) and that model more complex network structures, such as two-tiered 
ones (Zhao et al., 2025).

To summarize the discussions in the articles studied here, Figure 2 illustrates an author-constructed evolutionary 
trajectory of fulfillment models. This diagram maps approaches progression, starting with mathematical 
optimization models that provide a theoretical basis, evolving to heuristic policies in response to large-scale 
computational intractability, and advancing to stochastic models that explicitly incorporate uncertainty. Figure 2 
contextualizes this evolution along two axes representing the fundamental trade-off in the field: the quest for 
greater realism and performance versus increased computational complexity. The connecting arrows highlight 
catalytic challenges, such as the “curse of dimensionality” of MDPs, which drove the transition to the current 
frontier of AI.
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The trajectory shown in Figure 2 offers crucial insights into the state of the art of fulfillment. Progress in this 
area is not random, but rather a direct response to the limitations of previous paradigms. The intractability of exact 
optimization models in large-scale scenarios motivated the development of efficient heuristics, such as those proposed 
by Lei et al. (2018) and Xu et al. (2008). In turn, the inability of these heuristics to optimally deal with uncertainty 
has driven the adoption of more robust stochastic models, such as the MDPs of Arslan et al. (2025). Finally, Figure 2 
demonstrates that the exponential growth of complexity due to high-dimensional state spaces inherent in MDPs is 
the main force driving research toward AI. Approaches such as DRL are presented not only as a new technique, but 
as the literature’s answer to creating fulfillment policies that are simultaneously adaptive, scalable, and capable of 
learning in complex environments. Therefore, Figure 2 consolidates the notion that the future of intelligent fulfillment 
lies in the ability to overcome these historical trade-offs through increasingly data-driven models.

These observations demonstrate that the literature on intelligent fulfillment is not a static field, but rather 
an evolutionary chronology of models that progresses from a strict focus on cost efficiency to approaches that 
embrace the complexity and uncertainty of modern retail. This trajectory reveals a transition from deterministic 
and short-sighted heuristic optimizations to adaptive stochastic policies and, more recently, to autonomous 
learning models based on AI.

3.2. How has the persistent trade-off between cost efficiency and operational responsiveness shaped 
the development and selection of distinct fulfillment approaches?

The preceding analysis has demonstrated that literature on intelligent fulfillment is an evolutionary chronology 
of models progressing from strict cost efficiency to autonomous learning. To make this progression concrete, 
Figure 3 explicitly plots the 33 studies analyzed in this review. These studies are categorized into four distinct 
methodological paradigms (1) Mathematical Optimization, (2) Heuristics, (3) Stochastic Models, and (4) AI. This 
timeline serves as a foundational map, showing how the research focus has shifted over the decades toward 
more adaptive and complex systems.

Mathematical optimization models, such as Linear Programming (LP), Mixed-Integer Programming (MIP), 
and Mixed-Integer Nonlinear Programming (MINLP), form the theoretical basis of the literature in this area of 
research. The main benefit of these models lies in their ability to mathematically formulate complex problems 
and, theoretically, find an optimal solution, serving as an essential benchmark for evaluating the performance 
of more practical approaches (Xu et al., 2008). They are particularly powerful for long-term strategic decisions, 
such as fulfillment network design and facility location (Jain et al., 2024; Zhang et al., 2021), where they can 
rigorously incorporate complex budget, capacity, and service level constraints (Jain et al., 2024).

Figure 2. Author-constructed research roadmap for the next generation of intelligent fulfillment approaches.



Production, 36, e20250102, 2026 | DOI: 10.14488/1980-5411.20250102 7/14

Given the computational limitations of optimization models, heuristic policies emerge as a pragmatic alternative. 
Their main benefits are computational efficiency and scalability (Lei et al., 2018). Heuristics such as Order Swap 
and SKU Exchange (Xu et al., 2008) myopic policies based on costs or probabilities (Baron et al., 2024), and local 
search algorithms are designed to find high-quality solutions in a timely manner, making them implementable in real 
operating systems. The interpretability of many of these policies are important managerial advantages. Studies show 
that well-designed heuristics, particularly those leveraging shadow prices, significantly outperform standard industry 
practices. For instance, Arslan et al. (2020) demonstrated that their proposed heuristic consistently approaches the 
theoretical optimum in large-scale instances where exact methods become computationally prohibited. Their results 
indicate that by accounting for the opportunity cost of inventory, these models mitigate the short-sightedness of 
traditional myopic policies. Similarly, Arslan et al. (2025) found that such approaches remain robust even under 
store acceptance uncertainty, providing stable performance across various omnichannel network configurations.

The main limitation of heuristics is the lack of a guarantee of optimality. Their performance can be inconsistent 
and highly dependent on the characteristics of the problem. The most severe criticism falls on myopic policies, 
which make decisions based only on current information, ignoring future impact (Acimovic & Graves, 2015). 
This short-term view can be sensible; for example, a retailer may deplete inventory in a low-cost warehouse 
to fulfil initial orders, only to be forced to use high-cost options for future orders (Acimovic & Graves, 2015). 
In fact, Baron et al. (2024) demonstrates that a myopic policy that prioritizes only the highest probability of 
store acceptance can perform arbitrarily poorly in terms of cost. Therefore, while practical, heuristics can leave 
significant value on the table by failing to anticipate future system dynamics.

The shortcomings of deterministic models and simple heuristics have driven the evolution toward approaches 
that directly address uncertainty and sequential decision-making. MDP represents a significant advance, whose 
benefit is to formally model the stochastic dynamics of the fulfillment environment (Arslan et al., 2020, 2025; 
Baron et al., 2024). Unlike a static solution, an MDP produces an optimal policy – a decision rule for every 
possible state of the system (e.g., inventory level, pending orders, etc.), allowing fulfillment and inventory 
rationing decisions to adapt dynamically to changing conditions (Baron et al., 2024).

Nevertheless, despite their theoretical elegance, MDPs face a severe and often insurmountable limitation: the 
“curse of dimensionality”. The state space of a realistic retail problem grows exponentially with the number of 
products, stores, and inventory levels, making the calculation of the optimal policy computationally infeasible 
(Arslan et al., 2020, 2025; Baron et al., 2024). This practical limitation has paved the way for the application of 
AI techniques, specifically DRL, as the next evolutionary step (Srivastava et al., 2025; Wang & Minner, 2024).

DRL emerges as a promising solution to overcome the limitations of traditional MDPs. The main benefit of DRL, as 
explored in the literature, is its ability to handle high-dimensionality problems by learning effective policies directly from 
interaction with the environment (real or simulated) without the need for an explicit model of transition probabilities 
(Jain et al., 2024). This makes it ideal for complex omnichannel fulfillment problems, where it can learn joint inventory 
replenishment and order allocation decisions across vast networks (Malik & Vidyarthi, 2025; Wang & Minner, 2024).

Figure 3. Chronological timeline mapping the 33 reviewed studies across four methodological paradigms to visualize the research 
shift toward adaptive AI systems from 2006 to 2025.
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However, the transition to AI-based models is not without challenges and limitations. DRL models are “data 
hungry” and require large amounts of historical data or simulations to be trained effectively (Wang & Minner, 2024). 
In addition, the training process can be computationally expensive, and the resulting policies often function as “black 
boxes”, which can be a barrier to adoption by managers who prefer more transparent and interpretable decision rules 
(Jain et al., 2024). Furthermore, the transition to AI-driven fulfillment faces critical technical hurdles that extend 
beyond interpretability. As identified in recent literature, DRL models often suffer from policy instability (Wang & 
Minner, 2024), where minor shifts in hyper-parameters or network states during training can lead to erratic and 
suboptimal fulfillment decisions (Arslan et al., 2025). Additionally, these systems frequently exhibit weak generalization 
capabilities; a policy optimized for a specific network topology or demand pattern may fail significantly when faced 
with even slight structural changes in the supply chain, requiring costly retraining (Geevers et al., 2024). Finally, a 
persistent deployment challenge remains, as high-fidelity simulators often fail to capture the granular complexity of 
real-world warehouse disruptions and human-driven operational nuances, presenting a barrier to the transition of 
these models from research environments into logistics operations (Boute et al., 2022).

To present the benefits and limitations of the different models discussed, Figure 4 illustrates the underlying 
mechanics of the evolutionary trajectory of fulfillment approaches, this figure offers a conceptual map that 
summarizes the state of the art, justifies the growing relevance of AI-based approaches to overcoming the 
limitations of previous methods, and serves as a bridge to the conclusion of this section. The development of 
this framework followed a qualitative meta-synthesis of the 33 included studies, where the raw evidence was 
translated into specific constructs and relationships. The diagram shows progression in four main stages. These 
stages were identified by grouping papers based on their core decision-making logic, whose studies were mapped 
at Figure 3, ensuring that each category represents a distinct methodological paradigm found in the SLR. The 
translation of this stage was validated by cross-referencing the performance metrics and constraints reported 
across the sample (see Table 3). The arrows connecting the stages not only indicate progression but also emphasize 
key challenges that have acted as catalysts for innovation, driving the transition from one paradigm to another.

To bridge the gap between theoretical evolution and industrial application, a fulfillment maturity matrix is 
proposed in Figure 5. The proposed matrix categorizes the four identified fulfillment paradigms based on two 
critical strategic axes: (i) Environmental Uncertainty and (ii) Operational Complexity and Scale. The translation of 
the systematic evidence into this matrix’s structure was validated by cross-referencing the performance metrics, 
limitations, and operational trade-offs reported across the 33 sampled studies (see Table 3). Each quadrant 
represents a distinct combination of operational constraints. For instance, while traditional Optimization 
(Stage 1) remains the gold standard for stable, small-scale deterministic operations, the matrix highlights that 
AI-driven fulfillment (Stage 4) is the recommendation path for retailers facing high uncertainty and operational 
complexity in omnichannel environments. This matrix offers a clear, literature-validated roadmap for managers 
to identify which approach is most suitable for their logistics network, considering their demand volatility and 
the complexity of their operations.

In-depth analysis of the benefits and limitations reveals that the effectiveness of a fulfillment model is not 
absolute, but rather a strategic alignment with the retailer’s supply chain maturity. In addition to identifying the 
retailer’s position on the fulfillment maturity matrix, choosing a modeling approach depends on a multi-dimensional 
trade-off involving inventory visibility, network scale, and the specific nature of uncertainty in the retail environment. 

Figure 4. Conceptual framework of fulfillment evolution showing the progression from operational efficiency to AI-driven 
responsiveness based on increasing network complexity and model autonomy.
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Figure 5. Fulfillment maturity matrix for supporting managerial decision-making, categorizing modeling approaches by levels of 
operational uncertainty and operational complexity.

Table 3. Methodological Suitability Matrix: Trade-offs and Contextual Fit of fulfillment paradigms based on the analysis of 
33 reviewed studies.

Decision Drivers Mathematical optimization Heuristics Stochastic AI

Study Distribution (n=33) n = 11 n = 8 n = 10 n = 4

Key Authors Acimovic & Graves (2015), 
Ayanso et al. (2006), 
Huang et al. (2015), 
Jain et al. (2024), 

Jasin & Sinha (2015), 
Jiu et al. (2024), Lei et al. (2018), 

Srivastava et al. (2025), 
Tian & Zhang (2021), 

Xu et al. (2008), Zhang et al. (2021)

Akyüz et al. (2022), 
Baron et al. (2024), 
Dai et al. (2024), 
Gao & Su (2017), 

Govindarajan et al. (2021), 
Hübner et al. (2016), 

Jiu et al. (2024), 
Queiroz & Pereira (2019)

Amil et al. (2023), 
Arslan et al. (2020), 
Bansal et al. (2024), 

Bayram & Cesaret (2020), 
Goedhart et al. (2023), 
Kolyaei et al. (2025), 

Malik & Vidyarthi (2025), 
Raj et al. (2024), Xu et al. (2022), 

Zhan et al. (2022)

Arslan et al. (2025), 
Boute et al. (2022), 

Geevers et al. (2024), 
Wang & Minner (2024)

Best fit scenario Strategic network design 
and benchmarks for exact 

optimality.

Real-time tactical decisions 
in large-scale, high-velocity 

networks.

Sequential decision-making 
under explicit probabilistic 

uncertainty.

High-dimensional, dynamic 
environments with unknown 

transition dynamics.

Scale of Operation Low to Medium. Limited 
by NP-hard complexity in 

real-time.

High. Designed to handle 
millions of orders and SKUs 

efficiently.

Low to Medium. Severely 
limited by the “curse of 

dimensionality.”

High. Capable of managing 
state spaces where 

traditional MDPs fail.

Decision Horizon Primarily Strategic 
(e.g., Facility location).

Tactical & Real-Time 
(e.g., Instant assignment).

Tactical & Real-Time 
(e.g., Inventory rationing).

Tactical & Real-Time (e.g., 
Adaptive fulfillment policies).

Level of Uncertainty Low (Deterministic focus). Low to Medium 
(Reactive focus).

High 
(Explicit probability modeling).

High (Black box learning 
through experience).

Order Complexity High (Handles multi-item 
constraints explicitly).

High (Scales for package 
consolidation heuristics).

Low (Limited to 
single-item multi-unit to 

remain tractable).

Medium to High (Learns 
patterns but action space 

can become unmanageable).

OmniChannel Environment High. Can accurately model 
different fulfillment options 

such as BOPS and the 
constraints associated with 

each channel.

Medium. Heuristics can be 
adapted for channel-specific 

rules, such as prioritizing 
in-store customers or 
sequencing stores for 
Ship-from-Store (SFS).

High. Ideal structure for 
modeling the decision of 
which channel to use for 

fulfillment (e.g., DC vs. stores) 
based on the probability and 

costs of each.

High. Particularly well-suited 
for end-to-end optimization 

of omnichannel systems, 
learning complex policies 

that balance inventory and 
demand across all channels.

Data requirements Precise deterministic 
parameters (Known costs/

capacities).

Variable (Snapshots of 
system state).

Explicit distributions 
(Known state-transition 

probabilities).

Massive Data Volumes 
(Historical logs or 

high-fidelity simulators).

Key Constraints & Risks Computational NP-hardness: 
Unfeasible for dynamic 

real-time networks.

Myopic Bias: Lacks 
guarantee and ignores 

long-term system impacts.

Mathematical Rigidity: 
Highly sensitive to 

distribution modeling errors.

Policy Instability: Risk of erratic 
decisions; weak generalization; 

“black box” nature.
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To systematize this context dependence and address the inherent limitations of each paradigm, Table 3 presents 
a Methodological Suitability Matrix. This matrix contrasts the four classes of models against operational 
characteristics, data requirements, and critical risks based on the reviewed literature, providing a framework for 
identifying the scenarios in which each approach offers the greatest advantage. The matrix acknowledges the 
technical constraints that prevent a one-size-fits-all solution.

Table 3 clearly proves that there is no universally superior fulfillment model. Instead, it reveals a spectrum of 
trade-offs, where mathematical optimization models, such as those by Jain et al. (2024) and Zhang et al. (2021), 
offer theoretical rigor at the expense of scalability, while heuristics, such as those proposed by Xu et al. (2008), ensure 
large-scale applicability at the cost of optimality guarantees. It becomes evident that stochastic models and, more 
prominently, AI models, are not just additional categories, but represent a direct attempt to address the central dilemma 
of the field: combining realism and ability to deal with the uncertainty of stochastic models with the scalability needed 
for practical applications. Nevertheless, this transition to more advanced methods introduces new complexities, such 
as policy instability and data dependency, which must be weighed against the benefits of scalability.

3.3. How can these models be strategically positioned to address existing operational gaps and 
guide the deployment of next-generation adaptive fulfillment systems?

While the preceding analysis has shown a clear evolutionary trajectory towards the use of AI-based methods in 
online retail fulfillment it also revealed that there is still significant ground to be investigated. The limitations of 
current models, ranging from computational intractability to the oversimplification of operational reality, serve as a 
direct guide for future contributions, with these challenges being particularly highlighted in the most recent studies.

To consolidate and structure these opportunities, Table 4 presents a research agenda based on the suggestions 
and challenges raised in the reviewed literature, expanding on specific methodological approaches. It is organized 
into three macro directions. The first, Deepening AI and Predictive Models, focuses on leveraging advanced 
techniques such as DRL to overcome the “curse of dimensionality” and better manage dynamic variables. The 
second, Increasing Realism and Operational Scope, addresses the need to incorporate more complex real-world 
variables into models, such as multi-item orders, reverse logistics, and integrated omnichannel inventory. The 
third, Exploration of New Decision Structures and Cooperation, points toward investigating novel organizational 
approaches, including decentralized fulfillment and strategic collaboration between retailers. It is suggested a 
shift toward high-fidelity validation, moving away from synthetic datasets, and prioritizing Explainable AI (XAI) 
to bridge the gap between ‘black box’ models and managerial trust.

The research agenda for intelligent fulfillment is markedly integrative and multidisciplinary. Proposals for 
future research are not limited to incremental optimizations but point to a fundamental transformation driven 
by AI. Authors such as Arslan et al. (2025), Wang & Minner (2024), and Baron et al. (2024), after exploring 
the limits of stochastic models, suggested DRL and ML as the keys to overcoming the barriers of the “curse of 
dimensionality” and parameter uncertainty.

Nonetheless, the execution of this agenda requires a methodological shift from isolated algorithmic testing to 
high-fidelity empirical validation. Future success will depend on moving beyond synthetic demand distributions 
toward empirical data-driven approaches, leveraging techniques such as graph neural networks to model complex 
network interdependencies and digital twins for stress-testing resilience. Specifically, researchers should prioritize 
empirical settings characterized by high volatility, where the trade-offs between inventory fragmentation and 
lead-time compression are most severe. By integrating XAI, future models can bridge the gap between ‘black 
box’ optimization and managerial trust, ensuring that intelligent fulfillment systems are not only mathematically 
superior but operationally deployable in the systemic and collaborative complexity of modern retail.

Ultimately, the synthesis of these 33 studies identifies that the central achievement of this research is the 
mapping of a non-linear evolutionary path in fulfillment logic. The evidence demonstrates that the field is not 
characterized by a static set of solutions, but by a strategic adaptation where the ‘curse of dimensionality’ in stochastic 
models acted as a primary catalyst, pushing the research toward AI-enabled ecosystems. This progression reveals 
significant theoretical implications, as it bridges the gap between deterministic rigor and high-dimensional neural 
approximators, transitioning the literature from a linear narrative of progress to a context-dependent framework.

From a managerial standpoint, this research achievement serves as a prescriptive decision-support roadmap. 
By employing the proposed strategic tools, practitioners can diagnose their operational positioning based on 
demand volatility and network scale in the fulfillment maturity matrix and employ the methodological suitability 
matrix to choose the most suitable modeling approach. Therefore, this study demonstrates that fulfillment 
effectiveness is contingent upon a strategic alignment between data maturity and operational complexity, 
providing the foundation for the next generation of adaptive omnichannel retail logistics.
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4. Conclusion and outlook

This research investigated the evolutionary trajectory of intelligent fulfillment models, mapping the transition 
from deterministic cost-minimization models to autonomous, AI-driven responsiveness ones. Despite the 
theoretical superiority of AI-based models for online order fulfillment, their practical adoption faces significant 
socio-technical barriers. First, data governance and infrastructure remain critical bottlenecks; most retailers lack 
the high-fidelity, real-time data pipelines required to train data-hungry DRL agents. Second, organizational 
resistance is prevalent due to the “black box” nature of deep learning. Decision-makers often favor suboptimal 

Table 4. Actionable research agenda for intelligent fulfillment identifying future directions, suggested methods, and empirical 
settings based on the gaps found in current literature.

Research focus Topic Direction
Suggested Methods 

& Tools
Empirical Settings & 

Data Sources
Authors

Deepening AI and 
Predictive Models

AI Address gaps in 
scenarios involving 
multiple coexisting 
dynamic variables.

Multi-Agent RL 
(MARL); Graph Neural 

Networks (GNN).

Real-time GPS 
telematics; IoT-enabled 

warehouse logs.

Arslan et al. (2025), 
Kolyaei et al. (2025), 

Wang & Minner (2024)

DRL Overcome the curse 
of dimensionality 

in large-scale, 
complex networks.

Hierarchical 
Reinforcement Learning; 
Attention Mechanisms.

Large-scale retail 
network simulations 

(Digital Twins).

Parameter Estimation 
via ML

Improve demand 
forecasting and order 

acceptance predictions to 
feed stochastic models.

Transformers; 
XGBoost/LightGBM for 

tabular prediction.

Historical e-commerce 
sales data is integrated 

with clickstream.

Dynamic Demand Adapt to rapidly changing 
consumption patterns in 

online markets.

Online Learning; 
Adaptive Filtering.

Social media trend 
data; Real-time search 

volume.

Increasing Realism 
and Operational Scope

Multi-Item Orders Develop more effective 
package consolidation 
policies and real-time 

optimization.

Hybrid Meta-heuristics; 
Branch-and-price-and-cut.

Multi-category order 
logs from grocery or 

electronics retail.

Akyüz et al. (2022), 
Amil et al. (2023), 
Baron et al. (2024), 

Jiu et al. (2024), 
Lei et al. (2018), 

Srivastava et al. (2025), 
Tian & Zhang (2021),  

Xu et al. (2008)

Returns and Reverse 
Logistics

Integrate forward and 
reverse logistics for 

sustainable supply chains.

Stochastic 
Programming; Multi-

objective Optimization.

Returns processing 
center data; Circular 
economy metrics.

Replenishment Enhance replenishment 
strategies in complex 

supply chains.

Deep Q-Networks 
(DQN); Synchronized 

replenishment heuristics.

Multi-echelon 
inventory levels from 

fashion retailers.

Online and Offline 
Inventory and Demand

Leverage AI for hybrid 
approaches connecting 

physical and digital 
channels.

Computer Vision 
(for shelf monitoring); 

Bayesian Networks.

In-store customer 
traffic data (heatmaps) 
vs. online conversion.

OmniChannel Dynamics Model customer 
choice behavior across 
channels and shared 
inventory decisions.

Discrete Choice Models 
integrated with AI; 

Game Theory.

Loyalty program data; 
Customer journey 

mapping.

Scalability Simulate complex 
interactions and adapt 
to varying operating 

conditions.

Parallel Computing; 
Cloud-native RL 

frameworks.

Stress-test scenarios 
during peak seasons 

(Black Friday).

Multiple Shipping 
Points

Optimize 
decision-making across 
several simultaneous 
shipping locations.

Geospatial AI; Cluster-
based optimization.

Last-mile delivery logs 
from 4PL platforms.

Exploration of New 
Decision Structures 
and Cooperation

Decentralized 
Fulfillment

Align local store decisions 
with retailer-wide 
objectives through 

incentives and contracts.

Mechanism Design; 
Principal-Agent models 

in RL.

Franchisee-based retail 
network data; Contract 

logs.

Arslan et al. (2020, 
2025), Bansal et al. 

(2024), Goedhart et al. 
(2023), Raj et al. (2024)

Retailer Collaboration 
Frameworks

Design strategic 
alliances with equitable 

profit allocation.

Federated Learning 
(Privacy-preserving); 
Cooperative Games.

Multi-vendor 
marketplace data; 
Shared-resource 

platforms.

Testing in Real-World 
Scenarios

Validate intelligent 
models through 
retailer-based 
simulations.

Explainable AI 
(XAI) (SHAP/LIME); 
Human-in-the-loop 

tests.

Pilot studies with 
logistics managers; 

Decision-making focus 
groups.
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but interpretable heuristics over complex autonomous policies that lack transparency. Future research should, 
therefore, bridge this gap by focusing on explainable AI to build managerial trust. Finally, ethical considerations 
regarding algorithmic bias must be addressed. As fulfillment becomes fully automated, objective functions must 
incorporate fairness-aware constraints to ensure that optimization does not inadvertently marginalize specific 
socio-economic or geographic customer segments.

Finally, this study has limitations that provide avenues for future work. The analysis is bound by the selected 
databases and search strings, which, although robust, may not capture the entirety of this rapidly expanding field. 
Furthermore, the four-stage categorization is a necessary simplification of a landscape where hybrid models are 
increasingly common. Looking ahead, the next generation of intelligent fulfillment will be shaped by the convergence 
of operations research and adaptive AI. The research agenda proposed here suggests a shift from optimizing isolated 
components toward creating autonomous fulfillment ecosystems capable of real-time learning in volatile environments. 
Future success in this field will depend not only on algorithmic sophistication but also on a holistic approach that 
integrates technical performance with robust data governance, organizational interpretability, and ethical accountability.

Data availability

No research data was used.
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