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Abstract

Modern supply chains face mounting uncertainty and scale, motivating the
integration of Artificial Intelligence (AI) and Machine Learning (ML) with math-
ematical optimization to enable robust and adaptive decisions. We present a
systematic review of 199 articles on tangible supply chains, categorizing how ML
is used—primarily for parameter estimation and for solution generation—and
proposing a taxonomy that links ML roles to problem types and optimization
formulations. The review surfaces consistent patterns (e.g., reinforcement learn-
ing in logistics), identifies underexplored areas (e.g., ML-aided reformulation and
learned uncertainty for robust/DRO), and introduces a research framework to
orient future studies. A dedicated subsection examines how these integrations
relate to supply chain viability and resilience.
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1 Introduction

The design and optimization of supply chains are fundamental pillars of the mod-
ern global economy, directly influencing business competitiveness, sustainability, and
social resilience. In an increasingly complex and volatile world, the ability to make
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optimal decisions regarding production, inventory, and logistics is no longer a compet-
itive advantage but a necessity for survival [63]. For decades, the field of Operations
Research has provided the foundational tools for this endeavor through mathemat-
ical optimization, enabling organizations to solve complex planning and scheduling
problems. The challenges in this domain are multi-faceted, involving multi-scale, multi-
objective [1], and multi-player considerations. Addressing these challenges through
rigorous optimization is vital for achieving operational excellence and navigating the
intricate trade-offs between cost, service, and sustainability. However, having the right
tool does not guarantee the successful optimization of supply chain operations. It is
important to know how to use the ML tool according to the best practices. Through the
strategic implementation of ML algorithms in supply chain optimization, a supplier’s
competitive advantage can be determined.

In parallel to mathematical optimization, the recent boom in data has led to the
introduction of a new direction for solving supply chain problems. The modern sup-
ply chain produces streams of information from sensors, transactions, and external
sources. To make the best use of these data, organizations are turning to ML models
for every aspect, ranging from prediction to improving solutions. ML algorithms can
identify the underlying patterns and break down complex data for prediction, such
as the prediction of demand [184], without being explicitly programmed. Similarly,
ML is also being used to solve large-scale supply chain problems [2] that take days
to solve using traditional methods. In more advanced applications, ML models can
even help in the formulation of optimization problems themselves by learning complex
data-driven constraints or objective functions. The rapid involvement of ML models
suggests a paradigm shift, moving supply chain problems from traditional models to
incorporating learning methods.

While optimization provides the framework for decision-making and machine learn-
ing offers data-driven insights, the true potential for innovation lies in their integration.
Individually, both methodologies address only one part of the challenge. The true
power of these methods can be unlocked when the predictive power of ML models
is used to enhance the mathematical optimization formulations. This relationship,
often called the “predict-then-optimize” paradigm [45], allows decision-makers to build
optimization models that are not based on static historical averages but instead are
powered by accurate real-time predictions about uncertain variables. ML techniques
such as reinforcement learning can learn policies to solve sequential decision problems
that are too complex for traditional optimization solvers [215]. This symbiotic relation-
ship between ML and mathematical optimization allows the creation of more dynamic,
resilient, and effective supply chain solutions that can adapt to the complexities of the
real world.

The growing interest in this integrated approach has led to a surge in academic
research. Although several reviews have surveyed the applications of ML in supply
chain management [140, 195] or focused on specific optimization problems [12, 173],
there remains a significant gap. Even recent comprehensive reviews, such as Vlachos
and Reddy [200], which analyzed ML applications and barriers through 2023, primar-
ily focus on management frameworks such as the 4Vs (Volume, Variety, Variation,
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Visibility) rather than the technical integration with optimization models. The cur-
rent literature lacks a comprehensive and systematic review that focuses specifically
on the intersection of machine learning and mathematical optimization for tangible
supply chains—that is, supply chain networks concerned with physical production,
storage, and transportation of goods and materials. We adopt this specific focus to
clearly distinguish our work from the growing body of research on intangible supply
chains, such as those in software delivery, cloud computing, or digital service pro-
vision [209]. In addition to the importance of these digital domains, the challenges
in Supply Chains (SC) are unique, involving physical constraints such as warehouse
capacity, vehicle routing, production scheduling, and inventory spoilage. By focusing
on tangible systems, this review aims to provide targeted insight for industries such
as manufacturing, logistics, and healthcare, where the optimization of physical assets
is paramount. As our analysis of publication trends reveals, the volume of research
in this specific integrated domain has grown exponentially in recent years, as seen in
Figure 1, making a structured synthesis of this work timely.

Fig. 1 Annual distribution of the 199 journal publications included in this review

This paper fills this gap by systematically mapping and analyzing research at the
intersection of machine learning, mathematical optimization, and SC. Our primary
research objective is to provide a comprehensive overview of how these fields are being
integrated to solve complex physical problems. To achieve this, we classify the relevant
literature across several key dimensions: the type of academic contribution (e.g., model
vs. method), the specific supply chain domain (e.g., logistics, manufacturing), the
mathematical formulation (e.g., MIP, stochastic), different problem categories (e.g.,
VRP, lot-sizing), machine learning algorithms used (e.g., random forest, reinforcement
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learning), the specific role of ML within the optimization framework (e.g., parameter
estimation, solution generation), and the operational scale (e.g., small-scale vs. large-
scale).

The main contributions of this paper are as follows.

1. We provide a systematic review of 199 articles published between 2009 and 2024,
focusing exclusively on the integration of ML and optimization in tangible supply
chains.

2. We offer a detailed, multi-faceted classification of the literature, identifying dom-
inant trends such as the prevalence of Reinforcement Learning for solving Vehicle
Routing Problems and the extensive use of ML for demand forecasting.

3. We analyze the relationships between different classifications to uncover deep
insights, such as the strong correlation between dynamic routing problems and
learning-based solvers.

4. We identify critical research gaps, particularly in the under-explored areas of
model reformulation and the application of these techniques to humanitarian and
circular supply chains.

5. We synthesize how integrated ML and optimization enable supply chain via-
bility and resilience, through anticipation, adaptive control, structural redesign,
recovery planning, and robustness, and provide a compact capability to method
mapping to guide practice and research.

6. We propose a structured research framework to guide future studies, offering a
clear pathway for researchers to define problems, formulate models, and select
appropriate ML integration strategies in supply chain management.

The remainder of this paper is organized as follows. Section 2 details the systematic
review methodology employed to identify and screen the relevant literature. Section 3
presents the results of our analysis, structured by our classification scheme. Section 4
provides a discussion of the results, where we explore the deeper connections between
these classifications. We analyze the relationships between the ML models used and
the types of optimization problems they solve, the supply chain domains to which
they are applied, and the purpose of their integration. This discussion is designed to
highlight key trends, identify research gaps, and set the stage for Section 5, where
we propose a research framework to guide future work. The paper concludes with
Section 6, which summarizes our key findings and outlines promising future research
directions. For completeness, an acronym glossary is provided in Appendix A.

2 Methodology

In this section, we provide a brief overview of the methodology used to implement a
systematic review of the literature. We started with a set of keywords and, after an
initial review, we finalized the keywords used for the search. This systematic review
adheres to the guidelines outlined in the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA 2020) statement [162]. PRISMA is a standard-
ized reporting framework designed to enhance the transparency, completeness, and
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reproducibility of systematic reviews and meta-analyses. It provides a 27-item checklist
that covers all major components of a review, including the title, abstract, rationale,
objectives, eligibility criteria, information sources, search strategy, selection process,
data collection, risk of bias, synthesis methods, and limitations.

All studies included in this review were identified by a comprehensive search of the
electronic databases Scopus and Web of Science using a predefined search strategy,
followed by screening and eligibility evaluation based on defined inclusion and exclu-
sion criteria. Duplicates were removed and all screening was conducted independently
by two reviewers with disagreements resolved by consensus.

A central feature of the PRISMA framework is the flow diagram, which depicts
the study identification, screening, eligibility assessment, and the final inclusion pro-
cess. This four-phase diagram ensures rigorous documentation of the selection process,
including the number of records retrieved from databases, records excluded after
title/abstract screening, full-text articles assessed for eligibility, and the final number
of studies included in the qualitative and/or quantitative synthesis.

Traditional narrative reviews, while valuable, can fail to provide a comprehensive
and reproducible overview of a rapidly evolving field. They may be influenced by the ’
existing knowledge of the authors and can unintentionally overlook important clusters
of research. To ensure a thorough, transparent, and unbiased analysis, we adopted a
systematic literature review (SLR) methodology. The primary goal of this review is
to systematically investigate and map the research landscape at the intersection of
machine learning (ML), mathematical optimization, and their applications within SC.

To provide a clear answer to this broad research question, we broke it down into
the following eight sub-research questions (SRQs). (SRQ 1) What types of academic
contribution are the most common in this field? Are they focused on proposing new
models, developing novel solution methods, or synthesizing existing knowledge? (SRQ
2) In what specific SC domains, such as logistics, manufacturing, or healthcare, are
these integrated techniques—methods that combine both a machine learning algo-
rithm and a mathematical optimization model— most frequently applied? (SRQ 3) On
what operational scale, small, large, or generalizable “any” scale, are these SC prob-
lems being addressed? (SRQ 4) What are the dominant mathematical optimization
formulations, such as Integer Programming or Combinatorial Optimization, that are
being employed by these papers? (SRQ 5) Which specific classes of optimization prob-
lems, such as the Vehicle Routing Problem (VRP) or Inventory Control, are receiving
the most attention? (SRQ 6) What machine learning models and techniques are most
commonly used in these integrated frameworks, where a learning component is used
to inform, solve, or define an optimization problem? (SRQ 7) How is machine learn-
ing integrated into the optimization models? Is it used for parameter estimation, to
accelerate the solution process, or in another capacity? (SRQ 8) In what ways do inte-
grated ML–optimization approaches enable supply chain viability and resilience? The
purpose of these SRQs is to analyze the existing literature to provide deep insight into
the current state of knowledge and to identify potential gaps and opportunities for
future research.

Our search and selection process was designed to be rigorous and replicable, and
we defined our search window from 2009 to September 2024 to capture the literature
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from the last 15 years, a period marked by significant advances in both machine learn-
ing algorithms and computational optimization capabilities. The iterative refinement
of our search query, conducted in the Scopus database, is illustrated in Figure 3. We
began with a broad query that yielded an unmanageable number of 42,087 papers.
To focus the search, we narrowed the scope to more specific supply chain keywords,
which reduced the set of results to 5,145 articles. However, a preliminary screening
revealed a high concentration of irrelevant papers on non-tangible, IT-related topics.
Consequently, our final query utilized the Scopus feature to exclude these keywords.
During this process, we also made a methodological decision to refine our scope
regarding nature-inspired optimization. We excluded papers focused on traditional
metaheuristics, such as genetic algorithms or particle swarm optimization, when pre-
sented without an explicit data-driven learning component. Most of these papers often
use the term “AI” superficially without a true learning component. This final targeted
search strategy was executed in September 2024, resulting in a definitive set of 2,253
articles for screening.

The complete screening and filtering protocol, which follows the PRISMA guide-
lines, is detailed in the flow diagram shown in Figure 2. The 2,253 papers identified
from our final query were subjected to a complete title and abstract selection. To mit-
igate bias, each article was independently reviewed by the authors, and inclusion was
voted on based on our predefined criteria. This process narrowed the selection to 396
articles that were deemed potentially relevant. These articles were then subjected to
a full-text review, in which we assessed their eligibility in detail. This final stage of
screening excluded another 197 articles, resulting in a final corpus of 199 studies for
our in-depth analysis.

In subsequent sections of this paper, we present the results of our synthesis. The
analysis is structured to directly answer the seven sub-research questions posed earlier.
We classify the 199 selected papers according to their type of paper, type of SC, type
of optimization formulation, category of optimization problem, ML algorithm utilized,
scale of SC problems, and the role of ML in the optimization model. This multi-faceted
classification provides a comprehensive overview of the field and allows us to highlight
key trends, gaps, and promising directions for future research.

3 Analysis of Results

In this section, we present the results of our analysis from different perspectives, from
bibliographic analysis to optimization-focused analysis and AI-focused analysis. The
analyzes are organized in six main subsections.

3.1 Types of Papers

We categorized the reviewed literature by its primary contribution (Model, Method,
and Review). For a complete classification table and a detailed analysis of these paper
types, please refer to Appendix B.
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Fig. 2 Flowchart representing the PRISMA approach followed for the survey

3.2 Types of Tangible Supply Chain Domains

The synergy between machine learning and mathematical optimization is not limited
to a single industry. Its principles are being applied across a wide range of SC domains,
each with unique characteristics, constraints, and objectives. This subsection classifies
the reviewed literature according to the specific type of SC to which the models are
applied. Our analysis shows that the field is heavily dominated by applications in
logistics and transportation, which serve as a foundational domain for routing and
network design problems. However, there is a growing and significant body of research
in specialized sectors such as Food, Manufacturing, and Healthcare, demonstrating
the versatility of these integrated methods. A summary of the analysis of the type of
SC is presented in Table 1.

Transportation & Logistics is the most prominent category, with 117 papers dedi-
cated to solving problems related to the movement and storage of goods. The central
focus of this domain is the Vehicle Routing Problem (VRP) and its many variations. A
large portion of the research is dedicated to developing newML-based solution method-
ologies, including hybrid neural frameworks [138], learning-based heuristics [74, 212],
and automated algorithm design [231]. Many studies tackle specific variants of VRP,
such as capacitated VRP [46, 47], VRP with time windows [31, 252], multidepot
VRP [6, 7, 115], and heterogeneous fleet VRP [121, 165]. Modern logistics challenges
are also addressed, including last-mile and urban delivery [36, 174], drone integration
[21, 100, 108, 119], and the route of electric vehicles [152, 169]. Other research focuses
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Fig. 3 Flowchart depicting the query refinement process

on specific logistics hubs such as ports [81, 85, 124] and airports [245]. Beyond rout-
ing, papers in this category also cover inventory management [153, 181, 199], network
design [59, 157], and cross-docking [116].

The Food &Water supply chain is the second largest category with 24 articles. This
sector is characterized by unique challenges, including the perishability of products,
the volatility of demand, and the need for sustainability. Several articles tackle these
issues head-on, for example, modeling sustainable agri-food production under water
scarcity [142], optimizing sustainable lime production [156], and managing perish-
able inventory with deep reinforcement learning [210]. Other studies focus on different
stages of the food supply chain, including demand forecasting and price optimiza-
tion [110], supplier selection and order allocation [77, 78], and integrated production
and distribution scheduling [53]. The rise of on-demand services is also reflected in
studies on optimizing customer and driver dispatch areas for food delivery [228] and
data-driven optimization for last-mile food delivery [36]. In parallel to food, a distinct
subset of papers addresses the management of water resources, a critical input for agri-
culture and human consumption. The research here focuses on optimizing reservoir
operations [39, 180], allocating irrigation water during droughts [40, 67], and manag-
ing conjunctive surface-groundwater systems [73, 102]. Strategic studies also explore
regional challenges, such as water allocation between basins [94] and managing the
risks of water shortages in urban areas [34, 69].
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With 16 papers, Manufacturing is another significant domain where ML and opti-
mization are combined to improve efficiency across the production lifecycle. Research
in this area addresses strategic problems such as the design of distributed manufac-
turing platforms [24], the optimization of sustainable automotive supply chains [43],
and modular manufacturing frameworks [17]. A major focus is on scheduling, with
articles on integrated supply chain scheduling [129], multi-factory scheduling with
batch delivery [137], and integrated production and distribution scheduling [249].
Other key problems include inventory control [13, 72, 160], supplier selection [98], and
collaborative planning in multi-tier supply chains [55].

The Healthcare domain, with 15 papers, involves high-stakes problems where opti-
mization directly impacts public health. A significant portion of this research focuses
on emergency and critical care logistics, including the distribution of COVID-19 vac-
cines [179, 236] and the management of blood supply chains [2, 9, 109]. Other articles
address hospital operations, such as preventing drug shortages [240], optimizing inven-
tory management [60], and routing mobile medical units [141]. Strategic healthcare
problems are also explored, such as the design of facility location [193], emergency
resource allocation [33, 244], and designing resilient supply chains for disaster response
[243]. The management of pharmaceutical supply chains is another key topic, with
studies on uncertainty-aware planning [101] and remanufacturing medical equipment
[183].

Several other specialized domains and general frameworks are also represented
in the literature. Broad/General Frameworks, with 10 papers, includes studies that
propose methodologies applicable across various supply chain contexts. This includes
reviews on the role of AI in supply chain management [117, 139, 143], frameworks for
managing supply chain risk [23], models for general inventory management [204], and
methods for partner selection in agile supply chains [202]. The Fuel category, with 6
papers, focuses on energy supply chains, including crude oil scheduling [148], biomass
supply chain clustering [30], and the design of sustainable bioethanol networks [97,
133, 134]. The Port category (4 papers) addresses logistics specific to maritime hubs,
such as hinterland logistics [81] and truck dispatching [85]. The Retail sector, with 3
articles, tackles challenges such as dynamic omni-channel pricing [123] and inventory
control for neighborhood stores [65]. Finally, several smaller but important domains
are covered, including Humanitarian logistics (2 papers) [66, 99], Plastic Recycling
(1 paper) that focuses on closed-loop supply chains [11], and Waste management (1
paper) [155].

9



Table 1: SC application domains in the reviewed studies, sorted by frequency of use.

Tangible Supply
Chain Domain

Count References

Transportation
& Logistics

117 [3, 5–8, 10, 18, 21, 25, 29, 31, 32, 35, 37, 41, 42, 44,
46–51, 56–59, 61, 64, 70, 74–76, 82, 89, 100, 104, 106–
108, 112, 114–116, 118–122, 128, 130–132, 135, 136, 138,
144, 146, 147, 149–154, 157, 159, 161, 163–166, 168–171,
174, 175, 181, 185–188, 190–192, 196, 199, 201, 203, 205–
208, 211–214, 216, 217, 219, 220, 229, 231–235, 237–239,
241, 242, 248, 250–252]

Food & Water 24 [34, 36, 39, 40, 52–54, 62, 67–69, 73, 77, 78, 94, 95, 102,
110, 142, 156, 180, 194, 210, 228]

Manufacturing 16 [13, 17, 24, 43, 55, 71, 72, 98, 125, 129, 137, 160, 172,
218, 246, 249]

Healthcare 15 [2, 9, 33, 60, 101, 109, 141, 179, 183, 193, 197, 236, 240,
243, 244]

Broad/General
Frameworks

10 [23, 96, 117, 127, 139, 143, 167, 202, 204, 247]

Fuel 6 [30, 97, 133, 134, 148, 230]

Port 4 [81, 85, 124, 245]

Retail 3 [65, 123, 145]

Humanitarian 2 [66, 99]

Plastic
Recycling

1 [11]

Waste 1 [155]

3.3 Mathematical Optimization in Modeling Supply Chain
Operations

3.3.1 Types of Optimization Problem Formulations

A crucial aspect of integrating machine learning into mathematical optimization is
understanding the structure of the problem being solved. The choice of formulation
dictates the problem’s complexity and shapes how ML can be effectively applied. Our
review categorizes the articles surveyed according to their formulations of optimiza-
tion problems to reveal dominant trends. The classifications show a strong prevalence
of Mixed-Integer Programming (MIP) and its variants, which is characteristic of the
logistics, routing, and scheduling problems that dominate this research area. For read-
ers unfamiliar with these concepts, detailed definitions of each optimization problem
type are provided in Appendix C.
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The largest category by a significant margin is Mixed-Integer Programming (MIP),
with 134 papers. This broad class of problems requires some or all decision variables
to be discrete numbers, making it ideal for yes/no or counting decisions common in
supply chains. Many of these papers are also described as Combinatorial Optimization
problems, reflecting a focus on discrete structures such as graphs and sequences. The
prevalence of this category highlights that the core challenge in the field is the handling
of discrete, often large-scale decision problems. MIP and its sub-types are applied
extensively across all domains, especially for routing problems such as the VRP and
its many variants [6, 18, 41, 108]. It is also the go-to formulation for strategic decisions
such as network design [11, 25, 43] and Facility Location [24], as well as for operational
problems such as production scheduling [129] and inventory management [147, 153,
181]. One of the most complex sub-types, Mixed-Integer Non-Linear Programming
(MINLP), appears in works tackling intricate problems with both discrete variables
and non-linear relationships, such as in vaccine supply chains [179] and humanitarian
logistics [234].

The next most frequent category is Linear Programming (LP), with 56 papers.
These models are used when all relationships between variables are linear, and deci-
sions can be fractional. LP serves as the foundation for many more complex models
and is often a component of MILP. It is widely used for resource allocation problems,
such as in crude oil scheduling [148] and water distribution [34, 40], as well as for
network design [59] and inventory control [145]. Problems formulated purely as Inte-
ger Linear Programming (ILP), where all variables are integers but relationships are
linear, were found in 11 studies, often for classic combinatorial problems such as the
capacitated VRP [47] and multi-depot VRP [7].

Non-Linear Programming (NLP) formulations, identified in 28 papers, are essen-
tial when the objective function or constraints involve non-linear relationships. This
approach is frequently applied in the management of natural resources, for example,
in optimizing water systems [94, 102] and planning sustainable agri-food production
[142]. Other applications include large-scale inventory optimization, where costs are
non-linear [207] and modeling bi-level optimization problems [57].

To handle real-world uncertainty, 22 papers utilize Stochastic Programming. These
models aim to find solutions that are optimal on average over a set of possible
future scenarios. This includes Two-Stage Stochastic Programming, as seen in models
for multi-compartment VRPs [32] and healthcare inventory management [60]. Other
applications include data-driven News-vendor models [96] and frameworks for agricul-
tural systems [52]. A related approach, Robust Optimization, was found in 6 papers. It
seeks solutions that are immune to worst-case uncertainty, making it suitable to build
resilience against disruptions in VRP [75, 251] and manage supply chain risk [23, 151].

Beyond articles presenting novel methodologies, our survey identified 10 Review
Papers. These articles provide structured overviews of the existing literature to synthe-
size the state-of-the-art, identify the prevailing trends, and highlight critical research
gaps. Their scope varies significantly, from broad ML surveys in logistics and supply
chain management [3, 139] to focused analyses on specific sub-fields such as last-mile
logistics [58], inventory control [61], and freight transportation [196]. Others center
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on particular ML paradigms, such as the use of unsupervised learning [167] or emerg-
ing technologies, such as ChatGPT [51], providing a valuable meta-perspective on the
field’s trajectory.

Finally, several other specific formulations were identified. Multi-objective Opti-
mization, with 15 papers, is used when there are multiple conflicting goals to optimize
simultaneously, such as minimizing cost while maximizing service level or sustainabil-
ity [73, 155, 248]. Simulation-Optimization, found in 10 papers, is a powerful approach
for complex, dynamic systems where a simulation model mimics the environment and
an ML algorithm learns the best operational policies [72, 81, 207]. Dynamic Pro-
gramming (DP) (5 papers) is used for sequential decision-making, such as in dynamic
pricing [123] and dynamic routing [161]. The remaining papers use highly specialized
formulations such as Prediction-Optimization [33] and Goal Programming [230].

Table 2: Types of optimization problems in reviewed SC studies, sorted by frequency
of use.

Problem Formulation
Type

Count References

MIP 134 [6, 8, 10, 11, 17, 18, 21, 24, 25, 29–33, 35–37, 41–
43, 48–50, 53, 55, 56, 59, 62, 64, 71, 74–78, 81, 82,
89, 95, 97–101, 106–110, 112, 114–116, 118, 119,
121, 122, 124, 125, 127–138, 141, 144, 147, 149, 150,
152–154, 156, 157, 159, 165, 166, 168–172, 174, 175,
181, 183, 185–188, 191–193, 199, 204–206, 210–212,
214, 216–220, 228–231, 233–239, 241, 242, 244–246,
248–252]

LP 56 [2, 5, 6, 9, 21, 25, 34, 40, 43, 49, 53–55, 59, 64, 68–
70, 77, 78, 95, 99, 100, 107–109, 112, 125, 129, 133–
135, 137, 141, 145–148, 150, 153, 156, 159, 160, 163,
165, 172, 181, 185, 206, 211, 220, 231, 240, 241,
244, 245]

NLP 28 [8, 13, 17, 30, 44, 57, 67, 85, 89, 94, 101, 102, 116,
130, 142, 149, 151, 164, 179, 180, 188, 194, 204,
207, 228, 232, 234, 243]

Stochastic Program-
ming

22 [2, 5, 23, 32, 39, 52, 54, 60, 66–69, 72, 96, 97, 151,
160, 161, 163, 179, 190, 208]

Multi-objective 15 [10, 11, 33, 34, 62, 73, 94, 142, 155, 192, 229, 243,
248, 249]

ILP 11 [7, 46, 47, 65, 104, 120, 197, 201–203, 213]

Review Paper 10 [3, 51, 58, 61, 117, 139, 143, 167, 196, 247]

Continued on next page
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Table 2: Types of optimization problems in reviewed SC studies, sorted by frequency
of use. (Continued)

Simulation-
Optimization

10 [5, 32, 72, 73, 81, 95, 102, 194, 207, 228]

Robust Optimization 6 [23, 56, 75, 242, 250, 251]

Dynamic
Programming

5 [39, 71, 123, 161, 180]

Goal Programming 1 [230]

Prediction-
Optimization

1 [33]

3.3.2 Problem Categories in Reviewed Studies

Now, we move from the type of optimization problem formulations to the specific
category of problems to which each study belongs. These categories are determined
based on the structure of optimization problems in terms of variable type, constraint
groups, and objective functions. A comprehensive definition of the categories used is
provided in Appendix D.

Table 3 presents the frequency of these problem categories. As shown, the Vehicle
Routing Problem (VRP) is the most dominant category, followed by the classic supply
chain network problems and inventory control. For a detailed discussion on the specific
trends within each problem category (such as VRP, TSP, and Lot Sizing) and how
ML is applied to them, please refer to Appendix E.

Table 3: Category of optimization models in the reviewed studies, sorted by frequency
of use.

Category of Optimization
Problems

Count References

VRP 95 [6, 7, 9, 18, 24, 29–32, 35–37, 40–42, 46–51, 53,
64, 74, 75, 81, 82, 85, 89, 95, 100, 104, 106–
108, 114, 115, 118, 120–122, 124, 127, 128, 131,
132, 135, 136, 138, 141, 144, 150, 152, 154, 159,
161, 165, 166, 169, 170, 174, 185–187, 191, 192,
196, 201, 203, 205, 206, 211–214, 216, 217, 219,
220, 228, 229, 231, 233, 235–239, 241, 242, 245,
246, 248, 251, 252]

Classical Supply Chain 39 [2, 10, 11, 25, 33, 34, 39, 43, 44, 52, 54, 56, 62,
67–69, 71, 73, 94, 97–99, 102, 109, 133, 134,
139, 142, 155–157, 179, 202, 204, 208, 218, 230,
234, 247, 250]

Continued on next page
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Table 3: Category of optimization models in the reviewed studies, sorted by frequency
of use. (Continued)

Inventory Control 27 [2, 13, 60, 61, 65, 72, 99, 101, 109, 116, 117,
123, 145, 147, 153, 160, 181, 188, 190, 194, 197,
204, 207, 208, 210, 232, 240]

TSP 16 [21, 108, 119, 120, 122, 127, 130, 138, 141, 206,
211, 212, 216, 217, 238, 248]

Scheduling 9 [53, 76, 129, 137, 148, 172, 246, 247, 249]

Lot-sizing 7 [149, 168, 175, 183, 188, 199, 210]

Supplier Selection 7 [5, 66, 77, 78, 99, 202, 218]

Collaborative Supply
Chain

6 [55, 59, 125, 151, 180, 244]

Facility Location 6 [17, 24, 112, 193, 243]

Assignment 4 [8, 77, 116, 171]

Bi-level 4 [57, 70, 71, 146]

Bin Packing 4 [118, 127, 128, 246]

News-vendor 4 [96, 163, 164, 181]

Price Optimization 2 [110, 123]

Knapsack 1 [240]

3.4 Machine Learning Algorithms Utilized

Machine learning algorithms are traditionally classified into supervised, unsupervised,
semi-supervised, and reinforcement learning approaches [176]. Within each of these
classes, numerous algorithms have been developed, some of which include classifica-
tion, clustering, deep learning, and neural networks. In this section, we extract the
ML algorithms used in each of the papers. A review of the definitions of ML models is
presented in Appendix F. Machine learning can be broadly categorized into four main
paradigms: Supervised learning, Reinforcement learning (RL), Deep learning, Unsu-
pervised learning, and Generative AI. Supervised learning refers to training a model
using labeled data, where each input is paired with a known output. The objective is to
learn a mapping from inputs to outputs that generalizes well to unseen data [22].Rein-
forcement learning involves an agent that interacts with an environment by taking
actions and receiving feedback in the form of rewards or penalties. The goal is to learn
a policy that maximizes long-term cumulative reward [177]. RL operates to maximize
the value in an MDP. According to the type of optimization and the structure of the
environment, agents, and reward function, different types of RL have been developed,
including but not limited to: Q-Learning (QL), Deep Q-Network (DQN), Proximal
Policy Optimization (PPO), Deep Reinforcement Learning (DRL), Actor-Critic (AC),
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Multi-agent Reinforcement Learning (MARL), Self-Supervised Reinforcement Learn-
ing (SSRL), Hierarchical Reinforcement Learning (HRL), Neuroevolutionary Methods
(NERL), and Multi-Armed Bandit.

Deep learning is a subfield of machine learning that automatically learns hier-
archical representations of data. Instead of relying on hand-crafted features, deep
learning uncovers increasingly abstract patterns through stacked nonlinear transfor-
mations. Its scalability, representational power, and generalizability have made deep
learning the foundation of modern artificial intelligence [111]. Finally, unsupervised
learning deals with unlabeled data, with the objective of discovering hidden struc-
tures such as clusters or lower-dimensional representations [88]. Generative AI
focuses on AI to create new, original content, such as text and images, by learning
patterns from large existing datasets.

With the definitions of the algorithms established, we next turn to their appli-
cations in the SC optimization literature. Table 4 presents the machine learning
techniques identified, the number of articles employing each, and the corresponding
citations. The spectrum of ML algorithms applied is broad; however, certain techniques
appear more frequently and indicate clear trends.

Supervised learning methods, especially those under the umbrella of deep learning,
are the most prevalent. In particular, various forms of neural networks appear in a large
portion of the papers. When consolidating synonyms (ANN, DNN, CNN, etc.), we find
that roughly a third to one-half of the studies employed neural network models. These
range from basic feed-forward networks to specialized architectures (e.g., convolutional
neural networks for spatial data, recurrent neural networks/LSTMs for time-series
demand, and graph neural networks for network-structured problems) [2, 32, 136].
Neural networks are popular due to their ability to approximate complex functions; for
instance, some researchers train neural nets to approximate the objective function or
constraints of an optimization model, or to directly predict decisions (as in learning to
construct routes or schedules). Despite their complexity in training, neural networks
have shown promise, especially as larger datasets become available in supply chains
[32, 40, 56].

In addition to neural networks, there is considerable use of tree-based and kernel-
based ML methods. Support Vector Machines (SVM) are used, often for predictive
tasks such as estimating demand or risk, or for classification problems within supply
chain decisions. Decision tree ensembles such as random forests and boost algorithms
such as XGBoost [109, 133] are also common. These models are valued for their inter-
pretability and strong performance on tabular data. In some cases, gradient-boosting
models are used to capture nonlinear relationships in supply chain data, e.g. to predict
lead times or disruption risks, which then feed into optimization decisions.

Another highly popular approach is reinforcement learning (RL). About 92 papers
applied reinforcement learning techniques (often deep reinforcement learning) to
dynamic or sequential decision problems. RL is well-suited for problems such as inven-
tory control, fleet management, or adaptive routing, where decisions at one stage
affect future states [39, 148, 205]. Many studies specifically leverage deep RL, combin-
ing neural networks with RL algorithms (deep Q-Networks, policy gradient methods,
etc.) to handle high-dimensional state spaces [76, 161, 240]. In fact, the use of deep
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reinforcement learning has grown so much that it almost rivals classical RL in fre-
quency in our dataset. For example, some previous work uses RL to train agents that
make inventory replenishment decisions, achieving performance comparable to or bet-
ter than traditional OR policies under uncertainty [61, 72, 160]. Q-learning is another
popular category in RL, providing tractable solutions using a model-free approach
[99, 116, 137, 183, 192, 208].

Deep learning methods have been used frequently with RL [6, 76, 121, 219, 229,
234]. Deep learning algorithms are very fast in learning complex functional represen-
tations between input and output, making them a suitable tool for learning the value
or policy functions. In addition, they have been used to develop efficient heuristics to
solve complex, large-scale problems [145, 152, 185, 242]. LSTM algorithms, suitable
for learning sequential relationships, have been used to solve dynamic problems such
as inventory control and VRP [61, 114, 123].

Unsupervised learning methods are also reported in the literature, with approx-
imately 19 studies employing clustering techniques. Clustering is typically used to
segment customers, products, or scenarios (for example, clustering demand patterns
to simplify stochastic optimization models [101]or grouping facilities by similar profiles
[230]). Some works also utilize principal component analysis (PCA) or dimensionality
reduction to preprocess data [78].

In addition to the articles mentioned above, [3, 58, 117, 167, 186, 196, 246] provides
a review of machine learning in logistics and supply chain management, optimization,
and machine learning in last-mile logistics, impacts of AI on supply chain management,
unsupervised learning algorithms in supply chain management, machine learning in
freight transportation, and solving VRP using ML. Our paper advances the literature
on ML in supply chains by investigating how ML is used to solve optimization problems
in tangible supply chains.

In particular, a handful of cutting-edge or specialized ML approaches are present in
the literature: two studies explore graph neural networks (GNN) for routing problems
(since VRP can be naturally represented on graphs) [37], some use transformers [47,
48] or advanced sequence models for time-series forecasting in supply chains [110,
150], and one study reports a quantum SVM for faster computation in a research
context [131]. However, these areas constitute a growing body of literature with ample
potential for investigation. In general, the most frequently used ML algorithms are
neural-network-based (including deep learning), followed by reinforcement learning
methods, and then classical ML models such as SVMs, decision trees, and clustering.
This indicates a strong interest in leveraging the power of deep learning and RL in
operations research problems, while also employing conventional ML for structured
prediction tasks in supply chain contexts.

A particularly noteworthy and recent trend is the emergence of Generative AI,
which focuses on creating new original content, such as text and images, by learning
patterns from large existing datasets. Although our systematic review captured lim-
ited instances of its use, reflecting its novelty, Generative AI is poised to become a
transformative tool in supply chain optimization. As highlighted by recent work, such
as [51], initial evidence for the application of models, such as ChatGPT, in supply

16



chains is already surfacing. The potential applications in optimization are vast, includ-
ing the generation of realistic synthetic data to train other ML models, the assistance
of human planners in formulating complex optimization problems through natural
language, or the creation of dynamic scenarios for robust testing of supply chain strate-
gies. Its ability to bridge the gap between human language and mathematical models
presents a significant avenue for future research.

Table 4: Machine learning models and techniques used in the reviewed studies, sorted
by frequency of use.

AI/ML
Category

ML Model Count References

Supervised
Learning

Neural
Networks

75 [2, 8–10, 18, 21, 23, 24, 32, 34, 37, 39–
41, 41–44, 53, 54, 56, 57, 59, 61, 67–70,
73, 74, 82, 89, 94, 98, 100, 104, 112, 118–
120, 135, 136, 142, 143, 146, 147, 149,
151, 152, 154, 157, 164, 166, 175, 179,
180, 183, 190, 193, 194, 201, 202, 205–
207, 211, 214, 229, 231, 233, 235, 240,
243, 245, 250]

Regression 14 [36, 50, 65, 77, 95, 97, 110, 128, 156,
159, 191, 194, 228, 232]

Random Forest 13 [2, 21, 60, 61, 97, 110, 128, 133, 134,
155, 156, 172, 194]

SVM 12 [17, 21, 23, 52, 61, 65, 97, 102, 128, 132,
156, 172]

Classification 11 [2, 21, 60, 97, 110, 124, 150, 172, 228,
229, 236]

Boosting 6 [60, 61, 109, 110, 133, 134]

Decision Tree 4 [25, 144, 186, 228]

Ensemble
Learning

2 [133, 134]

Linear Machine
Learning

1 [96]

Logistic Regres-
sion

1 [11]

Quantum
Supervised ML

1 [131]

Continued on next page

17



Table 4: Machine learning models and techniques used in the reviewed studies, sorted
by frequency of use. (Continued)

Reinforcement
Learning

DRL 45 [6, 9, 29, 35, 37, 39, 42, 47, 48, 61, 72,
75, 85, 100, 107, 108, 119–121, 123, 125,
138, 161, 171, 185, 186, 188, 197, 201,
204, 210–214, 219, 231, 233, 239, 240,
244, 247, 248, 251, 252]

QL 15 [5, 39, 76, 99, 116, 137, 183, 192, 208,
234, 237, 242, 246, 249, 251]

PPO 13 [7, 31, 82, 127, 139, 141, 153, 159, 160,
165, 181, 199, 238]

MARL 10 [6, 55, 81, 122, 145, 147, 170, 187, 205,
241]

AC 6 [71, 119, 129, 154, 203, 206]

DQN 4 [139, 152, 183, 229]

Multi-armed
bandit

2 [106, 169]

HRL 1 [148]

NERL 1 [168]

SSRL 1 [217]

Deep Learning Deep Learning 61 [6, 29, 33, 35, 37, 41–43, 48, 71, 72,
75, 76, 78, 85, 100, 107, 108, 115, 116,
119, 121–123, 127, 138, 145, 152, 161,
163, 165, 183, 185, 186, 188, 193, 197,
203, 204, 206, 208, 210, 211, 214, 216,
219, 229, 232–234, 239–242, 244, 246–
248, 250–252]

LSTM 6 [61, 114, 123, 157, 190, 218]

Unsupervised
Learning

Clustering 20 [13, 30, 46, 49, 56, 62, 64, 66, 101, 118,
124, 130, 174, 186, 191, 192, 197, 220,
230, 249]

PCA 1 [78]

Generative AI Generative AI 1 [51]

3.5 Purpose of Machine Learning in Optimization Models

Table 5 presents a classification of the reviewed studies according to the specific role
or purpose of machine learning (ML) techniques within the optimization framework.
This categorization enables a structured understanding of how ML is used in decision
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support systems and optimization workflows, providing both a snapshot of current
research practices and directions for future research.

The classification schema includes five main categories: Solution, Formulation,
Parameter Estimation, Reformulation, and Review Paper.

The first category is the Solution category; this is the most populated category
in the reviewed literature. Here, ML is used to enhance or replace traditional solution
methods, such as exact solvers, heuristics, or metaheuristics. Reinforcement learning,
neural networks, and hybrid models are frequently applied to learn optimal or near-
optimal policies, especially in complex, dynamic, or large-scale environments. These
approaches often enable online decision-making and adaptive optimization in real time.

The second category is Formulation; in this group, ML techniques are employed
to influence the mathematical structure or logic of the optimization model itself. This
includes learning constraints, identifying hidden relationships among decision vari-
ables, or discovering surrogate functions that approximate complex system behaviors.
In particular, deep learning models have been used to replace black-box physical
models, thereby enabling tractable optimization formulations.

The third category is Parameter Estimation; many optimization models rely
on parameters such as demand forecasts, production costs, travel times, or probability
distributions. In this category, ML is used to estimate such parameters from historical
or real-time data. Techniques such as supervised learning, clustering, and probabilistic
modeling are commonly applied. This category reflects a data-driven approach to
optimization where model precision depends on the quality of parameter inference.

The next category is Reformulation; this smaller but growing category includes
studies in which ML is used to modify or transform an existing optimization prob-
lem. For example, ML can help detect redundant constraints, approximate infeasible
regions, or suggest alternative variable encoding. These reformulations can lead to sig-
nificant improvements in the computational efficiency or robustness of the optimization
process.

Finally, we have the Review Paper category; this category encompasses review
and survey papers that provide a high-level overview of ML applications in optimiza-
tion without necessarily implementing the ML methods themselves. These articles
contribute to knowledge consolidation, taxonomy development, and gap identification
in the literature. Examples include comprehensive reviews of ML-augmented supply
chain optimization or reinforcement learning in resource allocation.

The analysis reveals that the majority of studies apply ML in the solution stage,
indicating a clear trend toward integrating learning-based solvers into optimization
pipelines. This is consistent with the larger shift from static optimization to intelligent
and adaptive decision systems. The significant presence of studies in the formulation
and parameter estimation categories further highlights the central role of data in
shaping modern optimization models. However, the relatively small number of studies
in the reformulation category suggests that this remains an underexplored area with
considerable potential for future contributions, especially in improving scalability and
solver efficiency.

In general, this categorization not only clarifies the functional roles of ML in opti-
mization models but also reflects the evolving research landscape. It underscores the
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multifaceted integration of ML into both the design and execution of optimization,
bridging data science with operations research and systems engineering.

Table 5: Purpose of using machine learning in the optimization model of the paper
reviewed, sorted by frequency of use.

Solution 97 [2, 5–8, 10, 13, 17, 18, 24, 25, 30, 31, 33–35, 37,
39, 41, 44, 50, 54, 55, 57, 59, 64, 67–70, 73, 74,
82, 89, 94, 97, 99, 100, 102, 104, 106, 116, 118–
120, 122, 124, 128, 130, 131, 135–138, 144, 146,
149, 151, 153, 154, 160, 161, 163, 164, 168, 169,
171, 175, 180, 185, 188, 191–193, 197, 199, 201–
203, 205, 207, 212, 213, 219, 228, 229, 233–236,
238, 239, 241, 243, 245, 250, 251]

Formulation 76 [6, 9, 17, 23, 29, 33, 39, 42, 47, 48, 54, 67, 68, 71,
72, 75, 76, 81, 85, 95, 96, 107, 108, 114–116, 119,
121–123, 125, 129, 132, 141, 145, 147, 148, 152,
154, 157, 159–161, 165, 166, 168, 170, 180, 181,
183, 185, 202, 204, 206–208, 210, 211, 214, 216–
219, 231, 233, 237, 239, 240, 242, 245–250, 252]

Parameter Estimation 58 [5, 11, 21, 23, 32, 36, 40, 43, 46, 49, 52, 53, 56, 60,
62, 64–67, 77, 78, 89, 94, 95, 98, 101, 109, 110,
112, 117, 127, 130, 133, 134, 139, 142, 146, 150,
155–157, 164, 165, 172, 174, 179, 187, 190–192,
194, 196, 210, 220, 228–230, 232]

Review Paper 7 [3, 51, 58, 61, 143, 167, 186]

Reformulation 2 [53, 244]

Purpose of Using ML Count References

3.6 Geographical Scale of Tangible Supply Chain Problems

The operational scale of a supply chain (Local, National, or Scale-Agnostic) signifi-
cantly influences optimization challenges. For a comprehensive classification of papers
by geographical scale and a discussion of the findings, please refer to Appendix G.

4 Discussion and Synthesis of Findings

This section discusses our main findings on how ML and mathematical optimization
are integrated to address SC problems. Figure 4 presents a three-dimensional data
cube that captures the co-occurrence of ML models, optimization problem categories,
and purposes of ML usage. The landscape it reveals shows that specific ML methods
are deliberately chosen for particular optimization tasks, rather than being applied
randomly. To enhance readability, we also include a Sankey diagram (Fig. 5), which
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illustrates the flow of connections between problem categories, ML models, and pur-
poses, as well as complementary two-dimensional heatmaps (Figs. 6 - 12, presented in
Sections 4.1 - 4.7) that decompose the cube into pairwise relationships and highlight
dominant patterns.

We found that the choice of an ML model depends on a few key factors: the category
of the optimization problem (such as VRP or inventory control), the purpose of using
ML (e.g., to help set up the problem or to find the final solution) and the operational
scale of the problem.

For example, we consistently saw that logistical problems such as the VRP are
often tackled with Reinforcement Learning and Neural Networks. This is a logical
pairing because these problems involve making a series of decisions, which is exactly
what these ML models are good at. We also found that what the ML model is used
for is very specific. Flexible models, such as Neural Networks, are used for almost
everything, while Reinforcement Learning is mostly used to directly find a solution to
an optimization problem. The following subsections will explore these connections in
more detail, providing a closer look at the trends shaping this field.

4.1 ML Model vs Type of Optimization Problems

This subsection explores the relationship between the type of ML model and the
mathematical formulation of the optimization problem it is paired with. The analysis
observed in Figure 6 reveals that certain ML models are strongly preferred for specific
types of formulations, reflecting a natural synergy between their capabilities.

A dominant trend is the deep integration of ML with MIP. This formulation is
heavily paired with Reinforcement Learning (42 instances) and Neural Networks (39
instances), as well as Deep Reinforcement Learning (18 instances). This strong con-
nection is logical, as MIP is the standard for modeling problems involving discrete
choices, such as facility location or scheduling. Reinforcement Learning excels at learn-
ing decision policies for such environments, while Neural Networks can approximate
complex functions or predict parameters within the MIP framework.

Beyond MIP, other formulations also show distinct patterns. LP is frequently com-
bined with Neural Networks (21 instances) and Reinforcement Learning (19 instances).
Similarly, NLP shows a strong link with Neural Networks (15 instances), likely lever-
aging NNs to handle or approximate complex non-linear relationships. Furthermore,
for problems involving uncertainty, Stochastic Programming is most often paired with
Neural Networks (12 instances), which are well-suited for forecasting the random
variables central to these models.

The key insight is that the research community has established a powerful and
practical partnership between learning-based models and discrete optimization, partic-
ularly MIP. The benefit of this focus is the accelerated progress in solving widespread
and computationally demanding industrial problems. However, this concentration also
reveals a potential limitation. The sparse application of ML to other valuable for-
mulations, such as Dynamic or Robust Programming, suggests that the field may be
under-exploring novel integrations that could unlock new solutions.
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Fig. 4 Three-dimensional data cube illustrating how machine learning methods, optimization
problem categories, and purposes of ML intersect. Cubes without numerals indicate a single input.
High-frequency clusters (e.g., reinforcement learning for solving vehicle routing problems) emerge,

highlighting research hotspots, while sparse regions reveal an underexplored area.

Figure 5 presents a Sankey diagram illustrating the relationships among the three
main dimensions identified in the review of the literature. (i) Types of optimiza-
tion problems (left column), (ii) Machine learning techniques (center column),
(iii) Application purposes of ML in optimization (right column). Sankey dia-
grams are a type of flow diagram in which the width of each connection is proportional
to the quantity of flow it represents. They are widely used to visualize resource, energy,
and information flows [178]. Each flow in the diagram represents a co-occurrence in the
reviewed studies, where a given machine learning technique was applied to a specific
optimization problem for a particular purpose. The width of each link is proportional
to the number of papers that exhibit that combination.

The left column demonstrates the diversity of optimization problems addressed in
the literature, with particular concentration in areas such as the VRP and lot-sizing.
The central column shows a rich variety of machine learning techniques employed,
such as Deep Neural Networks, Reinforcement Learning, and Support Vector Machines

22



(SVM). The right column captures the purpose of ML usage, which is predomi-
nantly for Solution generation, followed by Parameter Estimation, and in some cases
for Formulation and Reformulation. This Sankey diagram visually summarizes the
methodological landscape and identifies which ML techniques are the most prevalent
for specific optimization challenges and tasks.

Fig. 5 Sankey diagram showing connections between types of optimization problems (left), machine
learning techniques (middle), and their purposes in the optimization workflow (right). Flow width
represents the frequency of co-occurrence across the reviewed literature.

4.2 ML Model vs Category of Problems

This analysis examines how specific categories of optimization problems are paired
with different ML models, revealing that the choice of model is highly dependent
on the inherent structure of the problem. A clear and dominant pattern emerges in
logistical and network problems, as seen in Figure 7. The VRP shows an overwhelming
preference for Deep Reinforcement Learning (39 instances), Reinforcement Learning
(36 instances), and Neural Networks (35 instances). A similar, though less frequent,
trend is visible in the TSP, which also heavily utilizes these three models. This strong
correlation is driven by the nature of these problems, which involve sequential decision-
making in complex environments where RL is ideal for learning optimal policies and
NNs are effective at approximating the required value or policy functions.

Other significant patterns are also evident. The broad category of Classical Supply
Chain problems shows a strong reliance on Neural Networks (24 instances), highlight-
ing their versatility in modeling general supply chain dynamics. In Inventory Control,
Deep Reinforcement Learning (13 instances) is the most prominent model. This is a
logical fit, as managing inventory is a classic sequential decision problem requiring
the balancing of stock levels over time under uncertain demand, a task well-suited for
DRL. Additionally, Clustering is used significantly in VRP (16 instances), typically as
a preprocessing step to partition customers into manageable groups before a routing
algorithm is applied, demonstrating a different but crucial role for ML in simplifying
complex problems.

The key insight here is the natural fit between learning-based models, such as RL
and NNs, and dynamic problems, such as VRP. The strength of this approach is the
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Fig. 6 Heatmap of Co-occurrence of Machine Learning Models and Type of Optimization Problems

ability to find effective solutions in complex real-world scenarios where traditional
methods might struggle with scale or uncertainty. However, this often involves a trade-
off: these ML methods provide fast, high-quality answers but may not guarantee the
single best, mathematically optimal solution. The use of Clustering as a first step
highlights a practical benefit, making huge problems more manageable, though the
final outcome depends heavily on the quality of this initial simplification.

4.3 ML Model vs Purpose of Use

This analysis examines the functional role that different ML models play within opti-
mization frameworks (Figure 8), revealing that models are chosen for specific purposes
that align with their core strengths.

The data show that Neural Networks are exceptionally versatile, with high usage
across all primary stages: finding a Solution (50 instances), Formulation (26 instances)
and Parameter Estimation (21 instances). This highlights their flexibility in handling
a wide range of tasks from prediction to direct control.

In contrast, Reinforcement Learning models show more specialized, yet powerful,
applications. Deep Reinforcement Learning is overwhelmingly the dominant model for
problem Formulation (47 instances). Similarly, traditional Reinforcement Learning is
also heavily applied to both Formulation (35 instances) and finding the final Solution
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Fig. 7 Heatmap of co-occurrence of category of optimization problem and ML model

(36 instances), underscoring its dual strength in defining a problem and then solving
it.

For Parameter Estimation, Neural Networks (21 instances) are the most promi-
nent, followed by traditional statistical methods such as Clustering (15 instances) and
Regression (11 instances). This is intuitive, as NNs can capture complex relation-
ships for prediction, while clustering segments data and regression predicts numerical
inputs, such as demand or cost. Finally, the analysis reinforces a significant research
gap: the purpose of Reformulation remains almost entirely unexplored, with negligible
application across all ML models.

The key insight is that researchers consistently apply a ”right tool for the job”
principle, selecting methods deliberately based on the task at hand. The advantage of a
versatile model, such as a Neural Network, is its ability to handle many different tasks,
though it may not always be the most efficient or easy-to-interpret choice. In contrast,
specialized models such as Reinforcement Learning are extremely powerful for their
intended purposes, defining problems and finding policies, but this strength comes
with higher implementation complexity. The notable gap in Reformulation suggests
a missed opportunity in the field: using ML to make problems simpler before solving
them.

25



Fig. 8 Heatmap of co-occurrence of purpose of ML and ML model

4.4 Tangible Supply Chain Type vs Type of Optimization
Formulation

This subsection analyzes the relationship between specific SC domains and the choice
of mathematical optimization formulation. The results, as seen in Figure 9, indicate
that the formulation is strongly influenced by the intrinsic nature of the problems
within a given domain.

The most prominent trend is observed in the Transportation & Logistics domain,
which is overwhelmingly based on MIP with 91 instances. This strong preference is
logical, as transportation problems are fundamentally concerned with making discrete
choices, such as which routes to take or which facilities to use. The same domain also
frequently employs LP (27 instances) and NLP (13 instances) for problems involving
continuous variables.

The versatility of MIP is further underscored by its frequent application in other
key domains, including Manufacturing (13 instances), Food & Water (10 instances),
and Healthcare (9 instances). This suggests that discrete decision-making is a common
challenge in areas such as production planning, distribution, and resource scheduling.
In contrast, formulations designed to handle uncertainty, such as Stochastic Program-
ming, are used more sparingly, but appear across multiple domains, signaling their
targeted use for problems with unpredictable variables, such as customer demand.

In contrast to these well-established areas, emerging and specialized domains such
as Humanitarian logistics, Plastic Recycling, and Waste management show signifi-
cantly less research activity. Although they also utilize foundational formulations such
as MIP and LP, the low frequency of publications suggests that the unique challenges
within these fields are underexplored. This presents a clear opportunity for future
research. The sophisticated optimization techniques successfully applied in commer-
cial logistics could be adapted to address critical issues, such as efficient resource
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distribution in humanitarian crises or the design of optimal circular supply chains for
recycling, enhancing sustainable supply chain management.

This highlights a core principle: the real-world problem dictates the mathematical
language used to describe it. The advantage of using MIP is its ability to precisely
model discrete, yes-or-no decisions common in supply chains, though this often comes
with a high computational cost for large-scale problems. The concentration of research
in established commercial domains demonstrates the maturity of these methods. How-
ever, the sparse application in emerging critical areas such as humanitarian and
circular supply chains points to a major opportunity: adapting these proven, powerful
formulations to solve new high-impact societal challenges.

Fig. 9 Heatmap of co-occurrence of type of SC and type of optimization problem

4.5 Category of Problem vs Purpose of Use of ML

This analysis reveals that the functional role of machine learning is not uniform, but
is strategically adapted to the specific structural demands of different categories of
optimization problems. A clear pattern (Figure 10) distinguishes between the problems
in which ML is used for preparatory stages versus those in which it is used for the
generation of direct solutions.

The most dominant trend is seen in complex logistical problems. For the VRP,
ML is overwhelmingly used for direct Solution generation (72 instances) and problem
Formulation (62 instances). This indicates that for routing challenges, ML is integral
to both defining the problem’s dynamic elements and finding the final operational
solution. A similar pattern is observed in the TSP, where Formulation (17 instances)
and Solution (10 instances) are the primary applications.
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In contrast, for the broad category of Classical Supply Chain problems, the most
significant application of ML is for Parameter Estimation (26 instances). This is a
critical insight, suggesting that for general supply chain models, the greatest value
of ML is seen in providing accurate data-driven input (such as demand forecasts,
lead times, or cost estimates) before the optimization model is solved. This focus on
parameter estimation is also prominent in problems such as the Knapsack problem
(16 instances), where accurately defining the value or weight of items is essential.
Parameter estimation is a classical application of ML in optimization, especially when
some prior data is available. Depending on the type of problem, the ML tool used
can be modified. For example, if we are basically predicting future demand based on
available data, regression-based methods can be used. If the data are not abundant,
semi-supervised algorithms are the most suitable. If we have numerous data points
and we want to reduce them in order to make the optimization model smaller but
representative of the entire population, clustering algorithms might be used.

A striking counterpoint to these well-defined roles is the near-total absence of ML
for Reformulation across all problem types, highlighting a significant and consistent
gap in current research practices.

The insight here is that the role of ML shifts from a preparatory tool to an end-
to-end solver depending on the nature of the problem. For highly dynamic problems
such as VRP, using ML to find the solution directly is powerful, yet these systems
can be difficult to interpret, making it challenging to understand why a particular
solution was chosen. For broader, more structured problems, the primary benefit of
ML is to improve the model’s input through accurate parameter estimation, leading
to more reliable optimization outcomes. A potential limitation of this latter approach
is that it separates the learning and solving steps, which may not be globally optimal
compared to a more integrated method.

Fig. 10 Heatmap of Co-occurrence of Purpose of Using ML and Category of Optimization Problems

28



4.6 ML Model/Method vs Scale of Problem

This subsection examines how the operational scale of an SC problem correlates with
the choice of ML model (Figure 11). A key finding is that the most popular models
are most frequently cited in papers that do not specify a scale (Any). This category is
dominated by Neural Networks (47 instances), Reinforcement Learning (42 instances),
and Deep Reinforcement Learning (38 instances). This suggests that a significant
portion of the research focuses on developing general frameworks rather than tailoring
models to a specific operational size.

For problems with a defined scale, Neural Networks remain a versatile choice,
appearing frequently in both Large-scale (12 instances) and Small-scale (11 instances)
contexts, likely due to their ability to model complex, non-linear relationships found
in systems of any size. Interestingly, traditional Reinforcement Learning shows more
use in small-scale problems (9 instances), while other models, such as Clustering, are
more common in large-scale applications (5 instances), where they can be used to
segment large datasets.

A key insight is that scale matters. Much of the current research does not spec-
ify the scale of the problem, which has significant implications. On the one hand,
developing scale-agnostic models is valuable to advance theory and ensure generality.
However, models designed without a specific scale in mind may not perform well in
practice, whether applied to a small factory or a city-wide network. This highlights a
gap between theoretical research and practical implementation, where scale is often a
critical determinant of performance.

Scale is a design variable. The dominance of “Any-scale” studies signals that many
papers abstract away from instance size, which limits operational guidance. Where
scale is specified, clearer patterns emerge. Neural networks remain the most versa-
tile choice across sizes because they learn non-linear structure and can be right-sized
(from shallow MLPs to deep architectures). Methods with high sample or compute
demand—especially model-free RL and deep RL—tend to work best on small to
medium instances where exploration and long training runs are feasible; on larger
instances, they benefit from action-space restriction, imitation learning from strong
heuristics, or hierarchical policies. For large-scale deployments, representation/seg-
mentation steps (clustering, dimensionality reduction, graph embeddings) paired with
optimization are prevalent: they compress the state/action space before learning
and integrate naturally with decomposition (Benders/Lagrangian, column generation,
and CTDE in MARL). In practice, match the method to scale: for small testbeds,
favor model-free RL or policy-gradient/actor–critic with rich simulation; for grow-
ing instances, move to hybrid pipelines that learn forecasts, costs, or cuts and solve
with decomposition or matheuristics; for network- or city-scale problems, prioritize
scalable surrogates and OR-hybrids (learning-aided routing/scheduling, learned pric-
ing/branching, or policy learning over restricted neighborhoods), and report instance
sizes, wall-clock/compute budgets, and latency to make scalability transparent.
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Fig. 11 Heatmap of Co-occurrence of Machine Learning Models and Scale of Optimization Problems

4.7 Type of Optimization Problem vs Purpose of ML

This analysis investigates the connection between the functional purpose of an ML
application and the underlying mathematical formulation with which it is paired. The
results, shown in Figure 12, reveal that while some formulations are deeply integrated
with ML, others represent significant and underexplored opportunities.

As expected, the most common formulations, MIP and LP, show deep integra-
tion with ML across all stages. MIP, in particular, is heavily supported by ML for
finding a Solution (64 instances), defining the Formulation (56 instances), and pro-
viding Parameter Estimation (38 instances). This confirms that current research is
heavily focused on using ML to enhance these foundational discrete and continuous
optimization methods.

However, the heatmap reveals significant research gaps in which ML is sparsely
applied. The most striking is Reformulation, with only a handful of instances, indi-
cating that using ML to simplify or restructure optimization problems before solving
them is a largely untapped strategy. Beyond this functional gap, several important
optimization types are overlooked. For instance, Dynamic Programming shows min-
imal ML integration (e.g., 5 for Formulation), despite its sequential nature being a
natural fit for techniques such as Reinforcement Learning. Similarly, Robust Optimiza-
tion and Multi-objective Programming show very limited ML applications. This is a
notable gap, as ML could be a powerful tool for learning the data-driven uncertainty
sets required for robust models, or for approximating the complex trade-offs between
conflicting goals in multi-objective problems.

In SC applications, the choice of RL method should follow the action structure
and information flow rather than a rigid mapping. Value-based RL (e.g., Q-learning,
DQN) works well for many discrete-action problems such as certain inventory policies,
though very large combinatorial action spaces often require action factorization or
other structure. Policy-gradient and actor–critic methods (e.g., REINFORCE, PPO,
SAC, DDPG) naturally handle continuous controls and can also parameterize large
discrete spaces; importantly, most routing and scheduling decisions are discrete rather
than continuous. When decision-making is decentralized or collaborative, multi-agent
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RL is appropriate, commonly using centralized training with decentralized execution to
mitigate non-stationarity and support coordination. For long-horizon problems, model-
based RL can improve foresight and sample efficiency when a credible dynamics model
exists, while planning-augmented model-free approaches (e.g., lookahead rollouts, tree
search, hierarchical RL) are also effective. In practice, the best method is problem-
specific and often combines RL with optimization or domain structure.

The key insight is that while the partnership between ML and mainstream for-
mulations, such as MIP, is mature and effective, this focus has created a research
landscape in which other powerful techniques are neglected. The advantage of the cur-
rent approach is the significant progress made on widely known, difficult problems.
The missed opportunity, however, lies in not exploring how ML could innovate in
areas such as robust decision-making or multi-criteria optimization, which are equally
critical for modern supply chains.

Fig. 12 Heatmap of Co-occurrence of Type of Optimization Problems and Purpose of ML

4.8 Analysis of Supply Chain Parameters Predicted by
Machine Learning

We observe that one of the most significant applications of machine learning in supply
chain optimization models is to help estimate parameters. Whether this estimation
is used in deterministic settings to estimate a value or in stochastic settings to esti-
mate and generate samples from a probability distribution, machine learning models
are primarily based on data [87]. However, more often than not, the data required
to train these models is either unavailable (e.g., estimating the demand for a new
product), scarce (e.g., estimating the preference of individuals on certain products),
or expensive to acquire (e.g., the number of customers using a high-tech facility).
In this case, insufficient data might lead to over-fitted models with unreliable esti-
mates [38]. One of the primary methods to handle this issue is by data augmentation;
inspired by Bayesian learning, data augmentation generates new data points with the
same marginal distribution as current data points, given certain estimators [198]. In
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addition, self-supervised techniques can be used to derive labels for unlabeled data
[126].

A primary role of machine learning in integrated optimization frameworks is to
provide accurate, data-driven estimates for the uncertain parameters that govern sup-
ply chain models. Our review analyzed the specific parameters that researchers are
predicting using ML, revealing a strong focus on certain key variables while others
remain underexplored. As shown in the breakdown in Figure 13, a substantial portion
of the literature, nearly half of all parameter estimation studies, focuses on predicting
demand. However, a wide range of other critical parameters are also being estimated,
as detailed in Table 6.

The most commonly predicted parameter is undoubtedly demand, which is a fun-
damental source of uncertainty in supply chain planning. Numerous studies apply a
variety of ML models to forecast customer demand, which then serves as a direct
input for inventory control [60, 65], production planning [43], and pricing optimiza-
tion models [110]. Following demand, several other categories have received notable
attention. Travel Time / Routing Cost is predicted in studies to inform VRP models,
often accounting for dynamic conditions [36, 95, 191]. Another key area is Customer /
Data Grouping, where unsupervised learning is often used as a preprocessing step to
segment customers or data points before optimization [46, 130, 174]. Resource Avail-
ability / Yield is also a focus, particularly in natural resource contexts, such as water
management [40, 94].

In contrast, several critical parameters appear to be significantly understudied.
While important, parameters related to Supplier Performance / Risk [66, 172], Pro-
duction/Sourcing Costs [49, 194], and Lead Time [179] are estimated in only a handful
of articles. This analysis highlights a major research gap: while the field has matured
in using ML for demand forecasting, there is a substantial opportunity to apply
these techniques to a wider range of uncertainty drivers, particularly those related to
supply-side risks, internal process variability, and reverse logistics.

Table 6: Type of supply chain parameters predicted with machine learning.

Demand 22
[5, 11, 21, 32, 43, 53, 56, 60, 65, 77,
78, 101, 109, 110, 112, 117, 133, 134,
157, 164, 179, 190, 196, 228, 232]

Travel Time / Routing Cost 5 [36, 49, 89, 95, 191]

Customer / Data Grouping 5 [46, 64, 130, 174, 187, 192]

Resource Availability / Yield 5 [40, 52, 67, 94, 142]

Supplier Performance / Risk 4 [66, 98, 172, 210]

Costs (Production/Sourcing) 3 [49, 56, 194]

Quality / State of Product 2 [155, 156]

Parameter Type Count Reference

Continued on next page

32



Table 6: Type of supply chain parameters predicted with machine learning. (Contin-
ued)

Order Quantity 2 [210, 232]

Lead Time 2 [56, 179]

Asset Performance /
Capacity

1 [56]

Real-Time System State 1 [62]

Service Level 1 [228]

Location 1 [196]

Parameter Type Count Reference

Fig. 13 Frequency distribution of machine learning-predicted parameters in supply chain
optimization.

4.9 Machine Learning and Optimization in Real-Time Supply
Chains

A significant and growing trend identified in our review is the application of integrated
ML and optimization techniques to Real-Time Supply Chains. Unlike traditional
planning, which operates on static, pre-collected data, real-time supply chains are
characterized by a continuous flow of streaming data from sources such as GPS, IoT
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sensors, and live order systems. This environment introduces unique challenges, includ-
ing the need for online or rolling-horizon optimization, strict latency constraints where
decisions must be made in seconds, and the ability to adapt to dynamically arriving
information. Our analysis reveals that the synergy between ML and optimization is
particularly powerful in addressing these challenges.

The most prominent application in this area is dynamic online vehicle routing. In
these problems, customer requests are not known in advance but are revealed over
time, requiring routes to be constantly re-optimized. For example, [161] develops a
deep reinforcement learning model specifically for dynamic and uncertain VRP, while
[233] proposes a neural combinatorial optimization approach for online routing. Simi-
larly, [18] enriches machine learning with combinatorial optimization to solve dynamic
VRPs with time windows. This real-time routing challenge extends to specialized
domains, such as the dynamic pickup and allocation problem with fairness consider-
ations studied in [154], and route planning in dynamic road networks where traffic
conditions change in real-time [114]. In these contexts, RL and DRL are the dominant
ML techniques, as they are naturally suited for learning adaptive decision policies
that can react instantly to new information without having to re-solve a complex
optimization model from scratch.

Beyond routing, real-time decision-making is also critical in other supply chain
functions. For example, [62] focuses on real-time decision-making for dynamic distri-
bution in the grocery supply chain, where demand and inventory levels are constantly
changing. In manufacturing, [183] addresses the need for real-time decision-making
in the remanufacturing of medical equipment, a problem that became critical dur-
ing the pandemic. In these applications, ML models are often used to rapidly process
streaming data and predict the state of the system, while optimization algorithms (or
RL policies) make immediate operational decisions. This highlights a clear trend: as
supply chains become more digitized and data-rich, the integration of ML and opti-
mization is the key enabler for shifting from periodic, offline planning to continuous,
real-time operational control.

4.10 AI–Optimization Synergies for Viable and Resilient
Supply Chains

Recent work shows that AI and optimization jointly enable supply chain viability,
survival, and adaptation under structural change [28, 84, 158, 182, 189]. Consis-
tent with our taxonomy of the role, purpose, and formulation of ML, the reviewed
studies focus on five recurring capabilities. First, anticipation uses ML to learn
uncertainty and disruption patterns (e.g., neural networks, generative models) for
parameter estimation; the resulting inputs inform stochastic or robust LP/MIP models
to produce proactive inventory, capacity, and routing plans [86, 113]. Second, adap-
tive control relies on policy learning and state estimation via RL/DRL, often with
encoder–decoder or Transformer controllers and digital twins, to generate solutions
in real time, while optimization runs on a rolling horizon with feasibility and con-
straint enforcement (LP/MIP/NLP) to deliver responsive and valid actions [20, 83].
Adaptive control also includes an adaptive multi-echelon supply chain framework that
handles long-horizon spatially shifting shocks under unknown dynamics, strengthening
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Table 7 Synergy map of capabilities, role and purpose of ML, and formulations.

Capability Primary ML
Role (methods)

Purpose (this
review)

Typical
Formulation

Joint Advantage

Anticipation Learn uncertain-
ty/disruptions;
forecasting (neural
networks,
generative models)

Parameter
estimation

Stochastic/robust;
LP/MIP with
learned inputs

Proactive plans
that hedge
data-driven risks

Adaptive Control Policy learning and
state estimation
(RL/DRL;
encoder–decoder/Transformers)

Solution Rolling-horizon
LP/MIP/NLP/RL
with feasibility
checks and
constraint
enforcement

Real-time
responsiveness
with constrained
feasibility

Structural Redesign Segmentation;
scenario/model
generation
(clustering,
GenAI)

Formulation;
parameter
estimation

Network design
(MIP); facility
location; capacity
allocation

Agile
reconfiguration
under structural
shifts

Recovery Planning Impact prediction;
time-to-recovery
estimation (neural
networks;
regression)

Parameter
estimation;
solution

Multi-period
scheduling;
resource
reallocation (MIP)

Recovery
trajectories
minimizing
downtime and cost

Robustness & Risk Scenario synthesis;
anomaly/outlier
detection (GANs,
clustering)

Formulation Min–max/robust;
chance-
constrained;
distributionally
robust
optimization
(DRO)

Resilient decisions
under data
perturbations and
shocks

viability without probabilistic uncertainty models [15, 26, 90, 226, 227]. Third, struc-
tural redesign applies clustering and generative methods to propose network scenarios
for formulation and parameter estimation. The MIP network design, facility loca-
tion and capacity models then evaluate the alternatives, enabling agile restructuring
under structural changes [80]. Fourth, recovery planning combines impact and time-
to-recovery prediction with multi-period MIP scheduling and resource reallocation
to compute cost-aware trajectories back to steady state. Finally, robustness and risk
are based on scenario synthesis and anomaly or outlier detection to shape min–max,
chance-constrained, and distributionally robust models, making decisions resilient to
perturbations and shocks. These patterns align with our quantitative evidence (e.g.,
RL with MIP for solution generation in logistics; neural networks for parameter esti-
mation) [16, 90, 92, 221, 226]. Table 7 maps each capability to the dominant role and
purpose of ML, the typical formulations, and the resulting joint advantage for viable
and resilient supply chains.

5 Proposed Research Framework

Based on a comprehensive analysis of the literature, we propose a structured research
framework to guide future work at the intersection of machine learning and mathemat-
ical optimization in tangible supply chains. This framework, illustrated as a flowchart
in Figure 14, is designed to help researchers navigate the key decisions involved in
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developing a well-defined research project, from initial ideation to final validation.
The framework is divided into four primary stages: Problem Identification, Model
Formulation, Machine Learning Integration, and Solution Evaluation.

The process begins with Stage 1: Problem Identification, where a researcher moves
from a “Broad Research Area” to a well-defined problem. The first step is to “Define
the Application Domain” (Step 1) by selecting a specific supply chain context, such
as logistics, healthcare, or manufacturing. This choice is critical because it frames the
unique challenges of the problem. Following this, the researcher must “Identify the
Specific Problem” (Step 2) within that domain, such as a Vehicle Routing Problem
(VRP), inventory control, or scheduling task. The final step in this stage is to “Char-
acterize the Problem Nature” (Step 3) by identifying its core properties—whether it
involves discrete decisions, significant uncertainty, or non-linear relationships—which
directly informs the subsequent modeling choices.

Stage 2: Model Formulation translates the defined problem into a formal mathe-
matical structure. As shown in Figure 14, this stage is guided by two critical decision
nodes. The first decision asks whether there is significant uncertainty. If “Yes,” the
framework recommends formulating the problem using “Stochastic or Robust Opti-
mization” (Step 4a). If “No,” a “Deterministic Optimization” model (Step 4b) is
appropriate. The second decision node asks if there are discrete variables. If “Yes,”
the framework points to “Integer Programming (IP)” formulations (Step 5a). If the
decisions are purely continuous, “Continuous Programming” models such as LP or
NLP are suitable (Step 5b). Following one of these paths results in a “Complete
Mathematical Model”, which serves as the foundation for the integration stage.

Stage 3: Machine Learning Integration is the central and most detailed stage, deter-
mining how ML will be used to enhance the optimization model. This stage begins with
the question: “What is the primary purpose of ML?”. The framework presents three
distinct pathways. The “Prediction” path leads to “Parameter Estimation” (Step 6a),
where supervised learning models (such as Neural Networks, Regression, and LSTMs
for time-series) or unsupervised methods (such as Clustering) are used to generate
data-driven inputs for the optimization model, such as demand forecasts or travel
times. The “Solution” path leads to “Solution Generation” (Step 6b), where tech-
niques such as Reinforcement Learning (RL/DRL) or neural combinatorial solvers
(e.g., Transformers) are trained to act as heuristics or end-to-end solvers for dynamic
problems such as routing and scheduling. Finally, the “Formulation” path leads to
“Model Formulation & Reformulation” (Step 6c), where ML is used to learn parts of
the model itself, for instance by creating neural network surrogates for complex con-
straints or learning effective branching rules. As our analysis indicates, reformulation
remains a significant research opportunity. The selection of one of these strategies
culminates in an “Integrated ML-Optimization Framework”.

The final step, Stage 4: Solution Evaluation, emphasizes the critical need for rig-
orous validation of the integrated framework. Once a solution is generated, it must
be evaluated through a comprehensive process (Step 7). This includes comparing the
“Solution Quality vs. Baselines” of traditional solvers or heuristics, assessing compu-
tational metrics such as “Runtime” and “Latency”, and verifying the “Feasibility” of
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the generated solutions. Furthermore, for models dealing with uncertainty, perform-
ing “Robustness / Stress Tests” is crucial. Finally, the “Scalability” of the approach
should be tested by evaluating its performance on instances of varying sizes to ensure
its practical applicability. This final stage ensures that the proposed framework is not
only novel, but also effective and reliable for real-world deployment.
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Fig. 14 A proposed research framework to guide the development of integrated Machine Learning
and Mathematical Optimization models in supply chain management
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6 Conclusion and Future Directions

In this paper, we systematically reviewed the current literature on applications of
machine learning in SC optimization. After a detailed review of the titles and abstracts
of 2,253 identified papers, we ended up with 199 articles for full-text review. We
constructed our research questions to assess the applicability of machine learning tech-
niques in different parts of optimization problems used to model SC operations, based
on the characteristics of the problem. These different categorizations provide insight
into how ML is operationalized in optimization models across various domains, high-
lighting both mature applications and areas for future research. In the end, we suggest
a general framework for future researchers to be able to apply machine learning algo-
rithms in SC optimization. Through this research, we ensured that this paper serves as
a comprehensive reference that captures the majority of publications that use machine
learning methods alongside mathematical programming in SC management in the last
18 years.

Our findings indicate that ML methods such as neural networks and deep learning
can scale effectively in data-rich environments and support optimization by learning
complex relationships [225]. Architectures such as graph neural networks can leverage
underlying network structures, although performance is problem dependent. Neural
networks are also used as heuristic tools in integer and combinatorial optimization, for
example to predict variable fixings or guide branching, which helps reduce computa-
tional effort. Reinforcement learning performs well in solving sequential and dynamic
optimization problems, especially when explicit modeling is difficult, though the results
vary by problem and tuning.

The most popular areas of research are the application of reinforcement learning
and deep reinforcement learning in formulating or solving VRP problems, and the use
of neural networks in solving problems with network structures. VRP problems are
the most studied problems, followed by Classical Supply Chain, Inventory Control,
and TSP problems.

These fields can be further extended to include broader sets of problems in the
supply chain. Interestingly, knapsack, bi-level, lot-sizing, and general dynamic pro-
gramming problems are not frequently observed in modeling supply chains through
ML-optimization, despite their proper structure for ML modeling. Despite the great
promise of integrating ML models into supply chain optimization problems, one should
be cautious about the appropriate use of these techniques. We highly recommend the
specification of the characteristics of the problem to ensure the fit of the ML model
for the problem. In addition, some ML models are prone to memorizing the data
and overfitting. Exhaustive validation techniques are suggested to not only ensure
the proper performance of ML models in the problem of interest, but also enable the
generalization of the use case to a wider set of problems.

In the reviewed literature, the central tension in the implementation of machine
learning (ML) for SC optimization is not conceptual promise, but operational reliabil-
ity. Data-related frictions remain primary: many supply networks exhibit fragmented,
noisy, or delayed data, which propagates uncertainty through learned models and
undermines prescriptive quality [23]. Even when accurate predictions are achievable,
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limited interpretability reduces managerial trust and hampers auditability of high-
stakes decisions; recent explainable-AI (XAI) and neurosymbolic approaches offer
remedies, but are not yet turnkey for complex, multi-echelon contexts [103]. Distri-
bution shift is a second structural challenge: models calibrated to historical regimes
degrade under shocks (pandemics, geopolitical disruptions), urging firms to design
for viability and survivability rather than steady-state efficiency [79]. A third con-
cern is the coupling of prediction and optimization: when decisions influence future
uncertainty, naive pipelines risk endogeneity and mis-specification; prescriptive ana-
lytics emphasizes causal reasoning and integrated learning-to-optimize frameworks
[19, 222, 225]. Finally, deployment at operational cadence is nontrivial: hybrid ML–OR
stacks can be computationally intensive, integration-heavy and sensitive to latency
constraints, especially in transportation, inventory control and real-time pricing [105].
Collectively, these issues argue for a design position that privileges data governance,
explainability, robustness to shift, and decision-aware learning.

The literature converges on a pragmatic view: ML can materially enhance fore-
casting, sensing, and decision support in supply chains, but unqualified adoption
risks brittleness. Effective practice requires moving beyond prediction toward prescrip-
tive, interpretable, and robust pipelines that respect data realities and operational
constraints. Integrating causal structure, uncertainty modeling, and computationally
efficient optimization is required for reliable value creation [19, 23]. As supply chains
face increasingly non-stationary environments, the target is not merely higher aver-
age performance, but resilient, auditable systems that maintain decision quality under
stress [79]. Ultimately, the tight integration of ML and optimization is the key enabler
of supply chain viability, allowing systems to effectively anticipate disruptions, adapt
controls in real-time, and recover through intelligent structural redesign [84].

Our review highlights that scale is a key factor in determining the effectiveness
of the method. Although general-purpose learning models can adapt across problem
sizes, more complex approaches, such as deep reinforcement learning, tend to perform
best in small to medium instances unless paired with simplification or decomposition
strategies. For large-scale problems, hybrid approaches that combine learned repre-
sentations with classical optimization techniques remain the most scalable [223, 224].
Hybrid models that integrate deep reinforcement learning with clustering and agent-
based simulation offer promising avenues for addressing the large-scale complexity of
supply chains. These approaches combine the scalability of unsupervised learning with
the adaptability of reinforcement learning to optimize dynamic, data-driven decisions
to logistics problems such as vaccine distribution [26] and multi-dimensional resource
allocation [14], highlighting their potential for broader applications in supply chain
logistics.

Generative AI is also emerging as a promising direction in supply chain opti-
mization. Although still limited in current applications, it shows strong potential for
generating synthetic data, formulating models via natural language, and simulating
complex decision scenarios. Recent work suggests that large language models (LLMs)
can support the design of effective heuristics and algorithms for solving large-scale
combinatorial supply chain problems, including machine scheduling [27]. By bridging
human language and mathematical models, generative AI creates new opportunities
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for data generation, model formulation, and decision support. Recent systems such as
OptiMUS [4] show that LLMs can model and solve complex optimization tasks from
natural language descriptions, suggesting a strong potential of LLMs to formulate and
address various supply chain problems. Intelligent optimization methods that inte-
grate predictive models, such as epidemic dynamics or biological growth, with logistics
optimization demonstrate the promise of simultaneous prediction and optimization in
health-care facility location [15, 221], spatio-temporal resource allocation and cancer
treatment [91, 93, 226], and equitable vaccine allocation during pandemics [90].

Future work should target viability- and adaptability-oriented gaps: ML-aided
reformulation (e.g., generative surrogates and learned cuts) that preserves feasibility
and robustness; data-driven uncertainty sets for robust and DRO with stress-tested
performance under non-stationarity; and scalable policy–optimization hybrids for
network-level control and recovery. Additionally, we propose the following areas as
promising directions for future research according to the current state-of-the-art:
i Developing methods that detect, quantify, and adapt to changes (covariate and label
shift) while preserving feasibility and service levels. This can be achieved by combining
distributionally robust optimization with online and continual learning for closed-loop
control [79]. ii Creating decision-aware and causal pipelines by embedding causal
identification and counterfactual prediction within prescriptive workflows to mitigate
endogeneity and feedback loops in pricing, assortment, and capacity allocation [19].
iii Providing explainable prescriptions by providing tailored to optimization outputs,
producing human-interpretable rationales, sensitivity attributions, and policy stabil-
ity certificates that meet governance requirements [103]. iv Improving scalability of
models by including latency in the models’ architectures and integrating ML and OR
components, which leads to inference, re-optimization, and data updates in real-time,
suitable for transportation and fulfillment applications [105, 225]. v Ensuring the repro-
ducibility of the model by creating open benchmarks with realistic data imperfections
(missingness, delays, structural breaks) and standardized metrics that jointly evaluate
predictive accuracy, optimization quality, robustness, and interpretability [23].
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[91] Kıbış, E.Y., Büyüktahtakın, İ.E.: Optimizing multi-modal cancer treatment
under 3d spatio-temporal tumor growth. Mathematical Biosciences 307, 53–69
(2019) https://doi.org/10.1016/j.mbs.2018.10.010
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[204] Wu, G., Carvalho Servia, M.Á., Mowbray, M.: Distributional reinforcement
learning for inventory management in multi-echelon supply chains. Digital
Chemical Engineering 6 (2023) https://doi.org/10.1016/j.dche.2022.100073

[205] Wang, Q., Hao, Y.: Routing optimization with Monte Carlo Tree Search-based
multi-agent reinforcement learning. Applied Intelligence 53(21), 25881–25896
(2023) https://doi.org/10.1007/s10489-023-04881-1

[206] Wang, Q., Hao, Y., Zhang, J.: Generative inverse reinforcement learning for
learning 2-opt heuristics without extrinsic rewards in routing problems. Journal
of King Saud University - Computer and Information Sciences 35(9) (2023)
https://doi.org/10.1016/j.jksuci.2023.101787

61

https://doi.org/10.1016/j.icte.2022.02.001
https://doi.org/10.1016/j.ejor.2023.08.005
https://doi.org/10.1198/10618600152418584
https://doi.org/10.1198/10618600152418584
https://doi.org/10.1080/00207543.2022.2056540
https://doi.org/10.1080/00207543.2025.2466062
https://doi.org/10.1080/00207543.2025.2466062
https://doi.org/10.1007/s10489-021-02920-3
https://doi.org/10.1108/01443571211195745
https://doi.org/10.1007/s12293-024-00428-0
https://doi.org/10.1016/j.dche.2022.100073
https://doi.org/10.1007/s10489-023-04881-1
https://doi.org/10.1016/j.jksuci.2023.101787


[207] Wang, T., Jeff Hong, L.: Large-Scale Inventory Optimization: A Recurrent Neu-
ral Networks–Inspired Simulation Approach. INFORMS Journal on Computing
35(1), 196–215 (2023) https://doi.org/10.1287/IJOC.2022.1253

[208] Wang, F., Lin, L.: Spare parts supply chain network modeling based on a
novel scale-free network and replenishment path optimization with Q learning.
Computers and Industrial Engineering 157 (2021) https://doi.org/10.1016/j.cie.
2021.107312

[209] Wang, X., Li, X., Leung, V.C.: Artificial intelligence-based techniques for emerg-
ing heterogeneous network: State of the arts, opportunities, and challenges. IEEE
Access 3, 1379–1391 (2015) https://doi.org/10.1109/ACCESS.2015.2467174

[210] Wang, K., Long, C., Ong, D.J., Zhang, J., Yuan, X.M.: Single-Site Perishable
Inventory Management Under Uncertainties: A Deep Reinforcement Learning
Approach. IEEE Transactions on Knowledge and Data Engineering 35(10),
10807–10813 (2023) https://doi.org/10.1109/TKDE.2023.3250249

[211] Wang, Q., Lai, K.H., Tang, C.: Solving combinatorial optimization problems over
graphs with BERT-Based Deep Reinforcement Learning. Information Sciences
619, 930–946 (2023) https://doi.org/10.1016/j.ins.2022.11.073

[212] Wu, Y., Song, W., Cao, Z., Zhang, J., Lim, A.: Learning Improvement Heuris-
tics for Solving Routing Problems. IEEE Transactions on Neural Networks and
Learning Systems 33(9), 5057–5069 (2022) https://doi.org/10.1109/TNNLS.
2021.3068828

[213] Wang, L., Song, C., Sun, Y., Lu, C., Chen, Q.: A Neural Multi-Objective
Capacitated Vehicle Routing Optimization Algorithm Based on Preference
Adjustment. Electronics (Switzerland) 12(19) (2023) https://doi.org/10.3390/
electronics12194167

[214] Wang, Q., Tang, C.: Deep reinforcement learning for transportation network
combinatorial optimization: A survey. Knowledge-Based Systems 233 (2021)
https://doi.org/10.1016/j.knosys.2021.107526

[215] Wang, F., Wang, X., Sun, S.: A reinforcement learning level-based particle swarm
optimization algorithm for large-scale optimization. Information Sciences 602,
298–312 (2022) https://doi.org/10.1016/j.ins.2022.04.053

[216] Wang, C., Yu, Z., McAleer, S., Yu, T., Yang, Y.: ASP: Learn a Universal Neural
Solver! IEEE Transactions on Pattern Analysis and Machine Intelligence 46(6),
4102–4114 (2024) https://doi.org/10.1109/TPAMI.2024.3352096

[217] Wang, Q., Zhang, C., Tang, C.: Discovering Lin-Kernighan-Helsgaun heuristic
for routing optimization using self-supervised reinforcement learning. Journal
of King Saud University - Computer and Information Sciences 35(8) (2023)

62

https://doi.org/10.1287/IJOC.2022.1253
https://doi.org/10.1016/j.cie.2021.107312
https://doi.org/10.1016/j.cie.2021.107312
https://doi.org/10.1109/ACCESS.2015.2467174
https://doi.org/10.1109/TKDE.2023.3250249
https://doi.org/10.1016/j.ins.2022.11.073
https://doi.org/10.1109/TNNLS.2021.3068828
https://doi.org/10.1109/TNNLS.2021.3068828
https://doi.org/10.3390/electronics12194167
https://doi.org/10.3390/electronics12194167
https://doi.org/10.1016/j.knosys.2021.107526
https://doi.org/10.1016/j.ins.2022.04.053
https://doi.org/10.1109/TPAMI.2024.3352096


https://doi.org/10.1016/j.jksuci.2023.101723

[218] Wang, J., Zheng, R., Wang, Z.: Supply Chain Optimization Strategy Research
Based on Deep Learning Algorithm. Mobile Information Systems 2022 (2022)
https://doi.org/10.1155/2022/9058490

[219] Xu, Y., Fang, M., Chen, L., Xu, G., Du, Y., Zhang, C.: Reinforcement Learn-
ing With Multiple Relational Attention for Solving Vehicle Routing Problems.
IEEE Transactions on Cybernetics 52(10), 11107–11120 (2022) https://doi.org/
10.1109/TCYB.2021.3089179

[220] Xue, S.: An adaptive ant colony algorithm for crowdsourcing multi-depot vehicle
routing problem with time windows. Sustainable Operations and Computers 4,
62–75 (2023) https://doi.org/10.1016/j.susoc.2023.02.002
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[226] Yin, X., Büyüktahtakın, İ.E., Patel, B.P.: COVID-19: Data-driven optimal
allocation of ventilator supply under uncertainty and risk. European journal
of operational research 304(1), 255–275 (2023) https://doi.org/10.1016/j.ejor.
2021.11.052
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Appendix A Glossary of Acronyms

Table A1: List of Acronyms Used in This Paper.

AC Actor Critique

AI Artificial Intelligence

ANN Artificial Neural Network

BIP Binary Integer Programming

BPTT Backpropagation Through Time

CART Classification and Regression Tree

CNN Convolutional Neural Network

CVRP Capacitated Vehicle Routing Problem

DDPG Deep Deterministic Policy Gradient

DP Dynamic Programming

DQN Deep Q-Network

DRL Deep Reinforcement Learning

GAN Generative Adversarial Network

GNN Graph Neural Network

GRU Gated Recurrent Unit

HRL Hierarchical Reinforcement Learning

ILP Integer Linear Programming

IP Integer Programming

IoT Internet of Things

LP Linear Programming

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MARL Multi-Agent Reinforcement Learning

MDP Markov Decision Process

MILP Mixed-Integer Linear Programming

MINLP Mixed-Integer Non-Linear Programming

MIP Mixed-Integer Programming

ML Machine Learning

Acronym Full Form

Continued on next page
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Table A1: List of Acronyms Used in This Paper. (Continued)

MSE Mean Squared Error

NERL Neuroevolutionary Methods

NLP Non-Linear Programming

PCA Principal Component Analysis

PPO Proximal Policy Optimization

PRISMA
Preferred Reporting Items for Systematic Reviews and
Meta-Analyses

RL Reinforcement Learning

RMSE Root Mean Squared Error

RNN Recurrent Neural Network

SCM Supply Chain Management

SLR Systematic Literature Review

SRQ Sub-Research Question

SSRL Self-Supervised Reinforcement Learning

SVM Support Vector Machine

SC Supply Chain

TSP Traveling Salesman Problem

VAE Variational Autoencoder

VRP Vehicle Routing Problem

XAI Explainable Artificial Intelligence

Acronym Full Form

Appendix B Types of Papers

The literature at the intersection of machine learning and supply chain optimization
can be categorized by its primary contribution. This classification helps distinguish
between papers that introduce new theoretical frameworks, those that develop novel
solution methodologies, and those that synthesize the state of the art. Our analysis
reveals that the vast majority of papers present a combination of new models and
methods, reflecting a field that is actively developing new problem-solving tools.

The most substantial body of work, with 148 papers classified as Model and 36
as Method, consists of original research contributions that form the creative engine of
the field. In practice, these two categories are deeply intertwined, as most papers that
propose a new mathematical model for a supply chain problem also develop a novel
method to solve it. Model-focused papers are primarily concerned with proposing a
new mathematical or conceptual framework that captures the complexities of a specific
supply chain problem. For example, many papers formulate novel routing models, such
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as for electric vehicle fleets [150], drone-assisted delivery [107, 117], and trusted routing
in dynamic road networks [112]. Others model entire supply chain networks, such as a
two-stage approach to vaccine distribution [181], a hybrid model for sustainable agri-
food production [139], and a framework for managing blood supply chains [9]. These
papers define the “what”, the specific problem being solved. Method-focused papers,
on the other hand, concentrate on the “how”, the algorithm or solution approach
used to solve a new or an existing problem. This includes the development of broad
frameworks, such as a hybrid neural combinatorial optimization approach [136], as
well as more specific techniques, such as a feature embedding refiner for VRPs [118],
a neural large neighborhood search [82], a rollout algorithm for multi-depot VRPs
[7], and a Newton-like neural network for resource allocation [8]. Many articles were
explicitly designated as “Model/Methodology,” such as for integrated packing and
routing [116], for emergency medical resource allocation [34], and as a decision support
tool in a bio-ethanol supply chain [10]. This strong overlap indicates that the most
common contribution in this research area is the formulation of new problems and the
development of customized solution approaches.

A critical component of any academic field, review articles synthesize the exist-
ing body of knowledge, and we identified 15 such articles in our study. These articles
provide a structured overview of a topic, identify dominant trends, highlight research
gaps, and propose agendas for future work. They are invaluable resources for both
newcomers seeking to understand the field and established researchers looking for
new directions. Our surveyed literature includes several high-quality reviews cover-
ing broad topics, such as a systematic review of machine learning in logistics and
supply chain management [2] and a review of neural network applications in supply
chains [141]. More focused reviews tackle specific problems, such as the integration
of machine learning into the Vehicle Routing Problem [188], optimization techniques
in last-mile logistics [64], and learning-based approaches for combinatorial problems
in manufacturing [246]. Other reviews concentrate on specific ML techniques, such as
deep reinforcement learning for transportation networks [216], unsupervised learning
algorithms in supply chain management [170], and reinforcement learning for spatial
resource allocation [247]. The scope of these reviews also includes emerging topics
such as the impact of ChatGPT on supply chains [54] and the use of ML for the
management of supply chain risk [25].
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Table B2: Type of reviewed papers. Entries are sorted by frequency of use.

Model 148 [1, 4, 9–12, 20, 27, 28, 31–34, 36, 38, 39, 44, 46, 47, 49–
53, 57, 58, 60, 62, 66, 69–71, 73–76, 78, 79, 81, 84–88, 90,
92–98, 100, 101, 105, 107–109, 112–114, 116, 117, 119,
121–135, 138, 139, 142–152, 155, 156, 158, 160, 162, 167–
169, 171–173, 175, 176, 181–184, 189, 190, 192–194, 196,
199, 202, 206, 208, 211–214, 218–220, 222, 227–234, 236,
239–245, 248–252]

Method 36 [6–8, 16, 17, 26, 37, 43, 45, 48, 56, 63, 65, 77, 82, 89, 99,
102, 104, 111, 118, 136, 164, 165, 174, 178, 195, 200, 201,
203, 207, 210, 215, 221, 235, 238]

Review 15 [2, 25, 54, 64, 68, 115, 137, 141, 170, 186, 188, 198, 216,
246, 247]

Type of Paper Count References

Appendix C A Glossary of Types of Optimization
Problems

The definitions and the importance of the types of optimization problems are defined
below:

At the foundation of mathematical optimization lies Linear Programming
(LP), a technique used to find the best outcome in a model where all relationships
are linear. The method was pioneered during World War II, most notably by George
Dantzig [40], who developed the simplex algorithm, a highly efficient method for solv-
ing LP problems. In an LP model, the goal is to maximize or minimize a linear objective
function, such as total profit or cost, subject to a set of linear constraints that repre-
sent resource limitations. The core idea, as formalized in foundational texts such as
Winston’s Operations Research [209], is that the optimal solution will always lie at a
corner point of the feasible region defined by the constraints. This geometric property
is what allows the simplex algorithm to systematically move from one corner to an
adjacent, better one until an optimum is found. LP’s power lies in its ability to model
a vast array of planning problems and solve them with remarkable computational effi-
ciency, though its primary limitation is the assumption that decision variables can
take on any fractional value.

Many real-world supply chain decisions, however, are not fractional; one cannot
build 0.7 of a warehouse or dispatch half a truck. This limitation of LP led to the devel-
opment of Integer Programming (IP), which extends LP to handle discrete choices
by requiring some or all decision variables to be integers. The theory and methods
for solving these problems, such as branch-and-bound and cutting plane algorithms,
were largely developed in the mid-20th century, with foundational work synthesized
in texts such as Nemhauser and Wolsey’s Integer and Combinatorial Optimization
[153]. The most versatile form is Mixed-Integer Linear Programming (MILP),
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which combines both continuous and integer variables. This allows for modeling com-
plex “yes/no” decisions (e.g., whether to open a facility, represented by a binary 0-1
variable) alongside continuous decisions (e.g., how much to ship from that facility).
The inclusion of integer variables makes these problems NP-hard, meaning they are
exponentially more difficult to solve than pure LP problems, but their ability to cap-
ture the discrete nature of reality has made them an indispensable tool for strategic
and tactical decision-making in virtually every industry.

While linear models are powerful, many real-world phenomena exhibit non-linear
behavior. Non-Linear Programming (NLP) is the framework for optimization
problems where the objective function or at least one of the constraints is non-linear.
This is essential for modeling complex systems where relationships are not propor-
tional, such as in chemical processes, financial portfolio optimization, where risk is a
quadratic function, or supply chains with economies of scale. Unlike LP, where the
optimum is always at a corner, in NLP the optimum can be anywhere within the
feasible region, and there may be multiple local optima. This makes solving NLPs
significantly more challenging, often requiring sophisticated iterative methods such
as gradient descent or Newton’s method to find a solution, as detailed in seminal
texts such as Nocedal and Wright’s Numerical Optimization [154]. When combined
with integer variables, the problem becomes a Mixed-Integer Non-Linear Pro-
gramming (MINLP) formulation, representing one of the most difficult classes of
optimization problems to solve.

Combinatorial Optimization is a field of optimization focused on finding an
optimal object from a finite, but often astronomically large, set of possible objects.
Rather than just deciding “how much,” these problems are concerned with finding
the best arrangement, sequence, or selection of discrete items. Foundational problems
such as the Traveling Salesman Problem (TSP) and the Vehicle Routing Problem
(VRP) epitomize this class. The theoretical underpinnings of this field are deeply
rooted in computer science and graph theory, with much of the complexity theory
established in the 1970s and captured in classic texts such as Papadimitriou and
Steiglitz’s Combinatorial Optimization: Algorithms and Complexity [166]. Because the
number of possible solutions can grow factorially (e.g., a 20-city TSP has more possible
tours than atoms in the known universe), exact solutions are often intractable. This
has driven the development of both sophisticated exact algorithms (such as branch-
and-cut) and powerful heuristics that can find high-quality, near-optimal solutions in
a reasonable amount of time.

Traditional optimization models often assume that all parameters are known with
certainty, a simplification that can lead to fragile solutions in the real world. To
address this, Stochastic Optimization and Robust Optimization were devel-
oped. Stochastic Optimization, pioneered in works such as those of Dantzig and later
synthesized by authors such as Birge and Louveaux [18], is applied when uncertainty
can be described by a probability distribution. It typically aims to find a solution that
optimizes the expected performance over all possible future scenarios. In contrast,
Robust Optimization, developed more recently by researchers such as Ben-Tal and
Nemirovski [22], offers a more risk-averse approach. It does not require precise prob-
ability distributions and instead seeks a solution that remains feasible and performs
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well under the worst-case realization of uncertainty within a given set. This makes
robust solutions “immunized” against uncertainty, providing a guarantee of perfor-
mance that is critical in high-stakes applications such as energy grid management or
critical infrastructure design.

For problems that involve making a sequence of decisions over time, Dynamic
Programming (DP) provides a powerful solution methodology. Introduced by
Richard Bellman in the 1950s [14], DP is based on the “Principle of Optimality,” which
states that an optimal policy has the property that whatever the initial state and
initial decision are, the remaining decisions must constitute an optimal policy with
regard to the state resulting from the first decision. In practice, this means breaking
down a complex, multi-stage problem into a series of simpler, nested subproblems. By
solving each subproblem optimally, typically by working backward from the end of
the time horizon, DP can determine the optimal policy for the entire problem. This
fundamental concept of value functions and state transitions laid the groundwork for
modern control theory and is the direct theoretical ancestor of reinforcement learning.

Appendix D A Glossary of Categories of
Optimization Problems

We discovered the following categories in the reviewed papers:
Assignment Problem: In an Assignment problem, a set of objects must be

matched one-to-one with a set of tasks such that the overall cost is minimized (or
total profit maximized) under the constraint that each object is assigned to at most
one task and vice versa [159]. Assignment problems have numerous applications in
scheduling and resource allocation (e.g., assigning workers to jobs or machines to tasks
in a cost-optimal way).

Bi-level Optimization: Bi-level optimization problems feature a hierarchical
structure with two decision levels (an upper-level “leader” and a lower-level “fol-
lower”), where the leader’s decision influences the follower’s feasible region and
objective [30]. Such models often represent Stackelberg game scenarios; for example,
a government (leader) sets policies such as tolls or prices, anticipating the optimal
reaction of consumers or network users (followers).

Bin Packing : The Bin Packing problem involves packing a collection of items
of varying sizes into a minimum number of fixed-capacity bins without exceeding
each bin’s capacity [29]. This NP-hard problem arises in logistics and computing (for
instance, loading trucks or allocating tasks to servers), where the aim is to use resources
as efficiently as possible.

Classical Supply Chain: Classical Supply Chain problems involve sending flow
(of goods, service, etc.) through a network in order to optimize an objective, subject
to capacities on the arcs. Classically, there is a flow of goods from the manufacturer
to the customer. This flow can be transferred through different types of networks.
Water resource allocation, healthcare supply chain, and fuel distribution are some of
the examples.

Collaborative Supply Chain: A Collaborative Supply Chain is a supply net-
work in which independent entities, such as suppliers, manufacturers, and customers,
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share information, jointly plan operations, and coordinate decisions to improve overall
system performance rather than optimizing individually. This collaboration typically
includes synchronized forecasting, shared datasets, integrated production or replen-
ishment planning, and cooperative problem solving. The objective of these problems
can be reducing uncertainty, cutting total system cost, improving responsiveness, and
enhancing service levels; however, in order to achieve these goals, trust, data-sharing
capabilities, and aligned incentives are needed, which can be difficult to establish and
maintain [185].

Facility Location: Facility Location problems involve determining the optimal
locations for one or more facilities to optimize a given objective (such as minimizing
transportation costs or maximizing service coverage) given the distribution of cus-
tomers or demand points [157]. Real-world applications include locating warehouses
in a supply chain to minimize logistics costs and siting emergency services (hospitals,
fire stations) to maximize coverage and accessibility.

Inventory Control : Inventory control optimization focuses on deciding when
and how much stock to order or produce in order to meet demand while minimizing
total costs (holding costs, ordering costs, and shortage costs) [237]. Typical use cases
include retail or manufacturing settings, where models (e.g., economic order quantity
and (s, S) policies) guide replenishment decisions to balance the trade-off between
inventory holding versus stockout risk.

Knapsack Problem: The knapsack problem asks for the selection of a subset
of items, each with a given value and weight, to maximize the total value without
exceeding a weight (or capacity) limit [103]. It is a fundamental NP-hard optimization
problem modeling resource allocation under a single constraint, with practical exam-
ples such as budget allocation (selecting projects or investments to maximize benefit
given a budget constraint).

Lot-sizing : Lot-sizing problems involve determining the optimal production or
order quantities over a planning horizon to meet time-phased demand at minimum
cost, balancing setup/order costs and holding costs [217]. This is central in production
planning and inventory management (e.g., deciding how much of a product to produce
or order in each period) to avoid excessive inventory while preventing stockouts.

News-vendor Problem: The News-vendor (newsboy) problem is a single-period
stochastic inventory model in which a decision-maker must choose an order quantity
for a perishable or short-life product before the uncertain demand realizes, aiming to
balance the overstock versus understock cost trade-offs [5]. It provides the optimal
stock level that maximizes expected profit or service level and is widely applied to
inventory decisions for fashion goods, perishables, or any product with one selling
period.

Price Optimization: Price optimization involves determining the optimal prices
for products or services to maximize a business objective (such as profit or revenue),
given how demand responds to price changes [161]. Techniques in this category are
central to revenue management and are used in industries such as retail, airlines, and
hotels (e.g., dynamically adjusting prices or discounts based on demand elasticity,
seasonality, and inventory levels to achieve the best financial outcome).
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Scheduling: Scheduling problems entail allocating jobs or tasks to time slots
and/or resources (machines, employees, etc.) in an optimal way, typically to minimize
some objective such as total completion time, lateness, or cost [163]. This broad class
includes CPU task scheduling, production scheduling on machines, timetabling, and
project scheduling (e.g., the classic job-shop scheduling problem seeks an order of jobs
on machines that minimizes the overall makespan).

Supplier Selection The Supplier Selection problem involves choosing the best
supplier(s) (and often determining order quantities to allocate to each) from a set of
candidates, based on multiple criteria such as price, quality, reliability, and capacity
[204]. This is a key optimization task in procurement and supply chain management,
commonly formulated as a multi-criteria or cost-minimization problem (for example,
selecting vendors to minimize total purchasing cost while meeting quality standards
and demand requirements).

Traveling Salesman Problem (TSP): The TSP asks for the shortest possible
route that visits each city (customer node) exactly once and returns to the starting
city, thereby finding an optimal tour through all given locations [41]. It is a famous NP-
hard combinatorial optimization problem with numerous applications in routing and
logistics (such as planning optimal delivery routes or drill bit paths in manufacturing),
and it serves as a benchmark for many optimization methods.

Vehicle Routing Problem (VRP): The VRP generalizes the TSP to multi-
ple vehicles and additional constraints. VRP involves designing optimal routes for a
fleet of vehicles to service a set of customers (often with demands), typically starting
and ending at a depot, while respecting vehicle capacity and route length constraints
[197]. VRP is fundamental in distribution logistics (for example, finding minimum-
distance delivery routes for trucks to drop off goods to customers) and has many
variants (capacitated VRP, VRP with time windows, etc.) to model real-world routing
challenges.

Appendix E Problem Categories in Reviewed
Studies

The overwhelming majority of the articles focus on the vehicle routing problem (VRP).
These problems are notoriously difficult to solve at large scales and that can justify
the significant attention towards the VRP in the literature. How ML techniques were
used to help solve VRP varies from unsupervised techniques, such as heuristics [49],
to adaptive calculation techniques that do not rely on heuristics [169]; however, the
majority of articles use reinforcement learning and neural networks to benefit from
their similar structure and powerful computational capacity [82, 104, 245].

The next category of problems is classical supply chain problems. This category
is a general category that includes a wide range of applications from blood resource
allocation [108] to allocation of water resources [43]. We name this category classical
supply chain, since the structure of the problems followed a network flow optimization,
where the flow of goods from suppliers to customers is controlled in order to achieve
certain goals. For instance, Abbasi et al. [1] and Li et al. [108] focus on the blood
distribution in healthcare settings. The scarcity of water resources has made the water
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supply chain a well-studied topic among different types of supply chain problems [36,
58, 74–76, 101, 139]. Other supply chains, such as emergency resources [34], automobile
manufacturing [47], vaccines [181], agricultural products [56], and biofuel [10, 229] are
also included in the category of classical supply chain problems.

Inventory Control problems come next in frequency. These problems usually deal
with balancing stock levels and minimizing costs in uncertain demand environments.
Approaches range from classical stochastic programming models to machine learn-
ing–based prediction methods [1, 108], with reinforcement learning being especially
common when adaptive policies are needed in dynamic environments [151, 183]. Neu-
ral networks are also employed for demand forecasting and scalable decision rules
[122, 143]. The focus is often on bridging the gap between predictive analytics and
prescriptive optimization in inventory control.

Traveling Salesperson Problem (TSP) papers typically pursue “learning to
construct tours,” hybridizing neural combinatorial models with local search or
using meta-learning to generalize across instance distributions. Reinforcement- and
evolution-inspired operators (e.g., neurocrossover) appear frequently, often paired with
problem-specific decoders and post-improvement [107, 117, 125, 208, 219, 238, 248].

Job-shop/flow-shop Scheduling with ML centers on (deep) RL to map shop states
to dispatching rules, or hybrids that couple predictive models with classical meta-
heuristics. Hierarchical [146] and Q-learning [85] schemes are common, and several
studies report competitive performance when learned policies are combined with
domain heuristics or constraint-aware search [246].

Papers that focus on lot-sizing problems [24] mainly use hybrid predictive-
prescriptive pipelines and learning-augmented heuristics for capacitated lot-sizing
variants under uncertainty. Articles use ML to forecast demands/costs, learn lot-sizing
decisions, or accelerate decomposition/heuristics; several combine evolutionary search
with neural surrogates or controllers [147, 171, 184, 190, 200, 212, 224–226].

Supplier Selection problems have typically been framed as a multi-criteria clas-
sification/ranking task enhanced by ML predictors (quality, lead time, risk), then
integrated the predictions into optimization for sourcing or contracts [4, 98]. Recent
work explores end-to-end designs that pair predictive models with cost-to-serve or
resilience objectives [87].

Collaborative Supply Chains form another category of problems studied in the
reviewed articles. Collaboration introduces information sharing, joint planning, and
risk-awareness mechanisms [60]. ML contributes to demand/price forecasts and learned
coordination rules; several papers study learning-enabled contracts or coordination
policies under uncertainty and disruption risk [65, 124, 149, 182, 244].

When it comes to Facility Location problems, ML is used to learn demand fields,
cost surfaces, or feasibility filters that then feed mixed-integer location models, and
in integrated location-routing settings to warm-start or steer search [26]. Recent work
also explores deep architectures as surrogates for expensive assignment subproblems
[195].

Assignment problems appear to be mainly handled by neural approximators and
one-shot solvers, as well as distributed formulations where learned subproblem policies
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improve throughput or latency. The emphasis is on amortized inference and robust
generalization to new instance sizes [8, 114, 174].

Bi-level studies explore neurodynamic solvers and recurrent schemes for problems
where upper-level strategic choices face learned or algorithmic lower-level responses.
This line points to the integration of differentiable surrogates or learned lower-level
policies to speed the bilevel search [63, 77, 144].

Bin Packing papers are fewer, but representative approaches combine learned pat-
terns (e.g., clustering/NN features of items) with bin packing heuristics, or embed RL
to decide placement/sequencing; integrated logistics settings sometimes fold packing
as a submodule [116, 246].

The work focusing on News-vendor problems uses ML to produce calibrated
demand (or demand distribution) estimates that plug into single-period cost trade-
offs; several papers stress distributional robustness or integrate learned features in the
cost parameters. When the loss surface is well captured, ML-augmented news-vendors
can materially reduce mismatch costs [95, 165, 167].

This niche group uses tree-style learners /boosting-style learners for demand/price
response, then optimizes markups under inventory or service constraints; the ML piece
primarily improves elasticity estimation and heterogeneity capture [109, 122]. Knap-
sack problems [23] Knapsack problems have received little attention in this area and
appear in only one reviewed study [240].

Other Review Papers included in our study synthesize how ML is used in OR across
forecasting and optimization workflows, hybrid heuristics, and learning-to-optimize
paradigms. They also catalog common pitfalls (data leakage, objective mismatch) and
report evidence on when learning actually beats carefully tuned classical baselines
[2, 25, 64, 141, 170].

Appendix F A Glossary of Machine Learning Models

F.1 Supervised Learning

Boosting Boosting is an ensemble technique that aims to create a strong classifier
from an ensemble of weak classifiers. In a boosting approach, models are trained
sequentially: each new model focuses on the training examples that were misclassified
by the previous models, thereby progressively improving accuracy. The quintessential
example is AdaBoost (Adaptive Boosting), introduced by Freund and Schapire, which
assigns higher weights to misclassified instances on each round and combines many
“weak” decision stumps into a powerful committee [55]. Boosting algorithms, including
AdaBoost and later variants such as Gradient Boosting and XGBoost, have proven
effective at reducing bias and variance, often achieving high predictive performance
on classification tasks. By emphasizing the harder-to-predict cases, boosting can fit
complex decision boundaries, though it must be regularized to avoid overfitting.

Classification Classification is a fundamental task in supervised machine learning
where the objective is to assign input instances to one of several discrete categories
or classes. In a classification problem, the learning algorithm is trained on a labeled
dataset (examples with known class labels) and must learn a decision rule that can
predict the correct class for new, unseen examples. Classic classification algorithms
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include logistic regression, which models the probability of class membership via a
logistic function, decision trees, support vector machines, k-nearest neighbors, and
neural network classifiers. The performance of a classifier is typically evaluated using
metrics such as accuracy, precision, recall, and the F1-score. A good classifier will
generalize well, meaning it achieves high accuracy not only on training data but also
on new data, by capturing the true patterns that distinguish the classes rather than
noise or incidental correlations [15].

Decision Tree A decision tree is a tree-structured predictive model used for both
classification and regression tasks. In a decision tree, each internal node represents a
test on a feature (attribute), each outgoing branch corresponds to one of the possible
outcomes of that test, and each leaf node represents a predicted value or class label.
The tree is constructed by recursively splitting the training data based on the fea-
ture that yields the highest information gain or impurity reduction at each node. This
greedy splitting results in a flowchart-like model where following the path from the
root to a leaf provides a series of decisions leading to a prediction. For classification
trees, a leaf may assign a class, whereas for regression trees, each leaf typically con-
tains a constant value. Decision trees form the foundation of more advanced ensemble
methods such as random forests and boosting. The simplicity and interpretability of
decision trees make them popular in applications where model transparency is impor-
tant, despite their sometimes lower accuracy compared to other modern methods
[15].

Ensemble Learning Ensemble learning is a strategy in machine learning where
multiple models (often referred to as “base learners” or “weak learners”) are combined
to produce a more powerful model. The underlying principle is that a group of diverse
models, when aggregated, can outperform any single model if their errors are at least
somewhat uncorrelated. Ensembles can dramatically improve predictive performance
and robustness, as the ensemble can “average out” the individual errors of its members.
There are several main paradigms of ensemble learning: bagging and random forests,
boosting, and stacking [21]. A necessary condition for ensemble performance gain is
model diversity: the individual learners should make different errors. Techniques such
as bagging and random feature selection ensure diversity among trees in a forest, while
boosting introduces diversity by reweighting data. Empirically, ensemble models such
as random forests and gradient boosting machines are among the top performers in
many machine learning tasks and competitions [42]. The price of higher accuracy of
ensemble models is that ensembles lose some interpretability and are computationally
heavier since multiple models must be trained and stored. Boosting and Random
Forest are explained separately.

Linear Machine Learning Linear models in machine learning are models that
make predictions as a linear combination of input features. These models assume that
the target outcome is (approximately) a linear function of the features. Linear models
are among the simplest and most interpretable machine learning models. Examples
include linear regression for predicting a continuous outcome and linear classifiers such
as the perceptron or linear support vector machine, which find a linear decision bound-
ary (hyperplane) that separates classes. Despite their simplicity, linear models can be
very effective, especially for problems where the relationship between the features and
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the outcome is roughly linear or when the number of features is very large compared
to the number of samples. Linear models assume the data is linearly separable or lin-
early related to the target; while this is a strong and over-simplifying assumption, it
leads to simple, well-understood, and computationally efficient models [83].

Logistic Regression Logistic regression is a widely used statistical model for
binary classification problems. Despite its name, logistic regression is actually a classi-
fication algorithm. It models the probability that a given input belongs to the positive
class using the logistic function. In its simplest form for a binary outcome, logistic
regression assumes a linear combination of the input features is transformed using the
sigmoid function (σ(t) = 1

1+e−t ) that outputs any real value into the range [0, 1]. The
model outputs a probability between 0 and 1, and a decision threshold is used to assign
the instance to one of the two classes. Logistic regression is trained by maximizing the
likelihood of the observed labels using methods such as gradient descent. Probabilistic
output and interpretability of logistic regression make it a popular method in many
applied domains for predicting a yes/no outcome[83].

Neural Networks Neural networks, specifically artificial neural networks
(ANNs), are computational models inspired by the networks of neurons in the brain.
An ANN consists of simple processing units (neurons) organized in layers and con-
nected by weighted links. Each neuron receives inputs from some other neurons,
computes a weighted sum, applies a nonlinear activation function, and passes the
result to neurons in the next layer. In a typical feedforward neural network, informa-
tion flows from an input layer (representing the features of the data) through one or
more hidden layers to an output layer (producing a prediction). Neural networks are
a form of parametric function approximator that can approximate extremely complex
functions. They learn by adjusting their weights based on training data. The most
common training algorithm is some variant of stochastic gradient descent with back-
propagation. One advantage of neural networks is their ability to automatically learn
features from raw data, reducing the need for manual feature engineering. However,
they typically require a lot of training data and computation, and the resulting mod-
els are not interpretable and can be prone to overfitting if not regularized. Despite
these challenges, neural networks form the basis of many state-of-the-art systems in
AI. As hardware and algorithms have improved, neural networks have transitioned
from a relatively obscure technique to a dominant paradigm in machine learning [59].

SVM (Support Vector Machine) A Support Vector Machine (SVM) is a super-
vised learning algorithm traditionally used for classification. The core idea of SVM
is to find the optimal separating hyperplane that maximizes the margin between two
classes of data. Given labeled training data, a linear SVM will determine a hyper-
plane such that the margin (the distance between the hyperplane and the support
vector) is as large as possible. This maximal margin criterion leads to a quadratic
optimization problem with convex constraints, which can be solved efficiently. The
result is a classifier with high generalization properties, particularly when classes are
well-separated. For cases where the data are not linearly separable in the original fea-
ture space, SVMs employ the kernel trick. A kernel function implicitly maps inputs
into a higher-dimensional feature space where a linear separator might exist, with-
out explicitly computing the coordinates in that space. By using a kernel, SVM can

12



form nonlinear decision boundaries in the original input space while still relying on
the concept of a maximum-margin separation. Another strength of SVMs is the use
of regularization through an optimization formulation that trades off margin size with
classification error on the training set. SVM techniques are memory-efficient and have
well-understood generalization bounds. However, SVMs do not scale as well to very
large datasets and can be less effective on very high-dimensional sparse data compared
to linear models with appropriate regularization [35].

Quantum Supervised ML Quantum supervised learning applies quantum com-
puting to classical tasks such as classification and regression, aiming for computational
or representational advantages. Instead of classical models, it uses parameterized quan-
tum circuits, where data is encoded into quantum states (e.g., via amplitude or angle
encoding). Model predictions are obtained from quantum measurements, and the cir-
cuit parameters are optimized in a hybrid quantum–classical loop to minimize a cost
function, analogous to training in classical supervised learning. [187, 191]. The main
promise of quantum supervised learning lies in its ability to exploit the exponen-
tially large Hilbert space of quantum states to represent complex data distributions.
In particular Quantum Supervised ML can implicitly compute inner products in
high-dimensional spaces that may be classically intractable [72].

Random Forest A random forest is an ensemble learning method for classi-
fication and regression that operates by constructing a multitude of decision trees
and outputting their aggregated result (majority vote for classification or average for
regression). Random forests were introduced by Breiman [21] as an improvement over
plain bagging of trees by adding an extra layer of randomness. In a random forest, each
decision tree is trained on a bootstrapped sample of the training data, and addition-
ally, at each candidate split in the tree, a random subset of features is considered as
split candidates. This random feature selection ensures that the trees in the forest are
decorrelated from each other, which is important because simply bagging many trees
can still result in correlated predictions if one or a few strong predictors dominate the
splits of all trees. By contrast, the randomness in feature selection forces the forest
to explore different predictors and more diverse split structures. The combination of
many high-variance, low-bias trees yields a model that often achieves both low bias
and low variance. Random forests are renowned for their strong performance on many
tasks, with relatively few hyperparameters to tune. They handle high-dimensional
data well, can model nonlinear decision boundaries, and provide an internal estimate
of generalization error without needing a separate validation set. However, they can
be computationally intensive for large datasets and may not extrapolate well beyond
the range of training data in regression tasks.

Regression In machine learning, regression refers to a family of supervised learn-
ing tasks where the goal is to predict a continuous-valued outcome given an input.
This is in contrast to classification, which predicts discrete class labels. A regression
model tries to learn the mapping that is a good estimate of the true response associ-
ated with the input. The simplest and most widely known regression method is linear
regression, which assumes a linear combination of the input features as the mapping
function. Linear regression can be solved analytically or with gradient-based optimiza-
tion, and yields coefficients that indicate how each feature influences the output. When
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linear assumptions are too restrictive, one can use polynomial regression or other basis
expansions, but these can lead to overfitting if the degree is high. The quality of a
regression model is often evaluated using metrics such as Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), or R2 (coefficient of
determination). A key challenge in regression is avoiding overfitting, especially when
the model is very flexible relative to the amount of training data. Techniques such
as regularization used in Ridge or Lasso for linear models [83], or cross-validation to
select model complexity, are commonly employed.

F.2 Reinforcement Learning

Reinforcement Learning Reinforcement learning (RL) is a paradigm of learning
where an agent learns to make decisions by performing actions in an environment and
receiving feedback in the form of rewards or punishments. The goal of the agent is to
learn a policy that maximizes the cumulative reward it expects to receive over time.
Unlike supervised learning, the agent is never directly told the correct action for a
given state; instead, it discovers good or bad actions through trial-and-error interac-
tions. A formal framework for RL is typically given by a Markov Decision Process
(MDP), defined by state space, action space, transition dynamics, reward function,
and a discount factor. At each time step, the agent observes the current state, chooses
an action, and then the environment transitions to a new state according to its dynam-
ics and provides the agent a reward. Over an episode or over an infinite horizon, the
agent accumulates rewards. The return is often defined as the discounted sum of future
rewards. RL algorithms seek to maximize the expected return. RL methods include
value-based methods (such as Q-learning), which learn value functions that estimate
how good it is to take an action given a certain state. Another important RL tech-
nique is policy-based method, which directly adjusts the policy to maximize reward.
Actor-critic methods combine value-based and policy-based methods by learning a
value function (critic) to guide the improvement of the policy (actor). A hallmark of
reinforcement learning is the exploration-exploitation trade-off: the agent must exploit
known rewarding actions to gather reward, but it also must explore new actions to
discover potentially better strategies. Techniques such as ϵ-greedy or more sophisti-
cated methods are used to manage this trade-off. Reinforcement learning is a very
general framework, but it can be challenging because feedback is often sparse, delayed,
or noisy, and the state space can be enormous. Sutton et al. [179] provides a thorough
introduction to the theory and algorithms of reinforcement learning. Different types
of RL algorithms are presented here:

• Q-Learning (QL). Q-learning is a model-free reinforcement learning algorithm
that learns an action-value function, Q(s, a), estimating the expected cumulative
reward of taking action a in state s and following the optimal policy thereafter. It
uses temporal-difference updates and is proven to converge to the optimal value
function under certain conditions, even with exploratory actions [205].
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• Deep Q-Network (DQN).DQN extends Q-learning to environments with large
state spaces by approximating the Q-function with deep neural networks. Sta-
bilization methods such as experience replay and target networks make training
feasible, enabling human-level performance on Atari 2600 games [140].

• Proximal Policy Optimization (PPO). PPO is a policy-gradient algorithm
that stabilizes training by using a clipped surrogate objective, preventing large
updates that destabilize learning. Its balance between simplicity and robustness
has made it a widely used baseline in continuous control tasks [177].

• Deep Reinforcement Learning (DRL). DRL combines reinforcement learn-
ing with deep neural networks, enabling agents to learn directly from high-
dimensional inputs such as images or text. It underlies many breakthroughs such
as AlphaGo, but faces challenges of instability and high sample complexity [3].

• Actor-Critic Methods. Actor-critic algorithms consist of an actor that learns
the policy and a critic that estimates value functions to guide the actor. This
reduces the variance of policy gradient estimates and improves learning stability,
with popular variants including A2C and A3C [106].

• Multi-Agent Reinforcement Learning (MARL). In MARL, multiple agents
learn and interact within a shared environment. Agents may cooperate, com-
pete, or both, which makes the problem non-stationary and introduces challenges
such as credit assignment. Applications span robotics, resource allocation, and
autonomous driving [13].

• Self-Supervised Reinforcement Learning . Self-supervised learning intro-
duces auxiliary tasks (e.g., prediction of future states or representations) that
help RL agents learn robust features from interaction data, improving sample
efficiency and generalization in sparse reward settings [61].

• Hierarchical Reinforcement Learning (HRL). HRL structures decision-
making across multiple levels: high-level policies set goals or sub-tasks, and
low-level controllers execute them. This improves exploration and efficiency in
long-horizon tasks with delayed rewards [19].

• Neuroevolutionary Methods. Neuroevolution uses evolutionary algorithms
to optimize neural networks for reinforcement learning, avoiding reliance on gra-
dients. It fosters diversity and robustness, with notable methods such as NEAT
evolving both architectures and weights [180].

• Multi-Armed Bandits (MAB). The bandit problem models the trade-off
between exploration and exploitation: an agent repeatedly chooses among uncer-
tain options to maximize cumulative reward. Solutions such as epsilon-greedy,
UCB, and Thompson Sampling provide principled strategies with applications
from online advertising to clinical trials [120].

F.3 Deep Learning and Generative AI

Deep Learning Deep learning refers to a class of machine learning techniques based
on artificial neural networks with multiple layers. Deep learning methods automati-
cally learn hierarchical representations of data by composing nonlinear transformations
across many layers of neurons. Each layer in a deep neural network transforms its
input to a higher-level, more abstract representation: for example, in image analysis,
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early layers may learn to detect edges, mid-layers assemble edges into motifs or shapes,
and deeper layers recognize complex objects. The hallmark of deep learning is that
these features are learned from data, rather than manually engineered. Deep learning
has dramatically improved the state-of-the-art in numerous domains such as computer
vision, speech recognition, and natural language processing. This breakthrough came
from advances in neural network architectures, large-scale datasets, increased compu-
tational power, and techniques to train very deep networks reliably. Training a deep
network typically involves minimizing a loss function using stochastic gradient descent
and backpropagation to adjust weights. Deep models often require a lot of data and
computation, but when those requirements are met, they can excel at tasks such as
image classification [110], machine translation, and even strategic games. The depth
of the model allows it to capture highly complex functions and interactions in the
data. While powerful, deep learning models can be seen as black boxes, raising issues
in interpretability and requiring careful tuning of hyperparameters.

Generative AI Generative AI refers to models that learn the underlying dis-
tribution of training data in order to generate new, similar data samples. Unlike
discriminative models (which predict a label or outcome given input features), genera-
tive models aim to capture data structure rules and create content that resembles the
examples on which they were trained. Classic examples of generative models include
probabilistic graphical models such as Bayesian networks, Hidden Markov Models, and
topic models. Generative Adversarial Networks (GANs), introduced by Goodfellow
et al. [67], put two neural networks (a generator and a discriminator) against each other
in a minimax game, leading to remarkably realistic generated samples. Another major
approach is variational autoencoders (VAEs), which pair an encoder and decoder
network trained to reconstruct data through a latent distribution, thus learning to
generate new data by sampling the latent space. More recently, transformer-based
models such as GPT have been used in generative settings. Generative AI represents a
powerful paradigm wherein machines exhibit creativity by learning to model complex
data distributions and sampling from them [59].

LSTM (Long Short-Term Memory) LSTM is a special type of recurrent neural
network (RNN) architecture designed to model sequential data and capture long-
term dependencies. Introduced by Hochreiter and Schmidhuber [80], LSTM networks
address the vanishing gradient problem that plagued earlier RNNs by regulating the
information flow in their memory cell that contains three main gates: an input gate, a
forget gate, and an output gate. This gating architecture allows LSTMs to maintain
and update a cell state over long sequences, effectively remembering values for long
durations (hence the name “long short-term” memory, because it learns long-term
dependencies using short-term computational steps). In practice, LSTMs can learn
to carry relevant information forward while discarding irrelevant information at each
time step. This makes them extremely effective for tasks such as language modeling,
machine translation, speech recognition, and time-series prediction, where context
from far earlier in the sequence can be crucial. The development of LSTMs was a key
step in enabling RNNs to learn long-term patterns in sequential data.
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F.4 Unsupervised Learning

Clustering Clustering is an unsupervised learning task that involves grouping a
set of data points into clusters such that points in the same cluster are more simi-
lar to each other than to points in other clusters. Here, “similarity” is defined by a
distance or similarity measure over the feature space of the data. The aim of clus-
tering is to reveal the inherent structure or natural groupings in the data without
any pre-provided labels. Common clustering algorithms include K-means, Hierarchical
clustering, (Density-Based Spatial Clustering of Applications with Noise) DBSCAN,
and Gaussian mixture models. Clustering is widely used in exploratory data analysis,
where discovering latent group structure is useful [223].

PCA (Principal Component Analysis) Principal Component Analysis (PCA)
is a dimensionality reduction technique and unsupervised learning method used to
summarize and visualize data by reducing the number of its dimensions while retaining
most of the variance present in the dataset. PCA works by finding new orthogonal
axes (called principal components) that successively account for the largest possible
variance in the data. The first principal component is the direction in the feature space
along which the data have the highest variance. The second principal component is
the orthogonal direction with the next highest variance, and so on. By projecting the
original data onto the first few principal components, we obtain a lower-dimensional
representation of the data that captures its most important structure [91]. PCA is
especially useful for high-dimensional datasets where many features are correlated or
redundant.

Appendix G Geographical Scale of Tangible Supply
Chain Problems

The scale of a supply chain problem profoundly influences its nature, complexity,
and the types of decisions involved. In this review, we analyze the geographical scale
that defines the physical scope of the optimization problem. This dimension is critical
because decisions made at a local or city level are typically operational and tactical
(e.g., last-mile delivery), whereas those at a national or global scale are strategic (e.g.,
facility location, network design). It is important to note that other dimensions of
scale, such as the temporal scale (the length of the planning horizon, from real-time
to multi-year) and the product scale (the number of SKUs), also significantly impact
problem complexity, though our classification focuses on the geographical dimension.
Our geographical scale analysis, as summarized in Table G3, reveals that a vast num-
ber of studies develop scale-agnostic methods, while significant research also targets
specific challenges at both small and large geographical scales.

The largest group of 134 papers is classified as “Any”, indicating that the developed
models are not tied to a specific geographical context. These studies typically focus
on advancing the methodology for solving a class of problems, such as VRP or inven-
tory management, and are validated on benchmark instances. Much of the research in
neural combinatorial optimization falls into this category, aiming to produce univer-
sal solution frameworks. For example, [136] develops a hybrid neural framework, [118]
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proposes a feature embedding refiner, and [230] uses reinforcement learning to auto-
mate metaheuristic design. Many studies tackle specific VRP variants without a fixed
scale, including capacitated VRP [102, 134], VRP with time windows [133], multi-
depot VRP [6, 7, 113, 189], and heterogeneous fleet VRP [119, 168, 251]. Other general
VRP solution methods include the use of multi-agent RL [121], quantum algorithms
[129, 130], and the development of novel learning-based heuristics [82, 208, 214]. Inven-
tory management studies are also often scale-agnostic, presenting generalizable models
for multi-echelon systems [171, 190], can-order policies [151], lot-sizing [147, 200], and
vendor-managed inventory [183]. The category also includes papers on network design
[10, 65], bi-level optimization [144], and supplier selection [86, 97]. Naturally, the 15
review articles fall into this category, as they cover methods applicable on multiple
scales [2, 25, 54, 64, 68, 115, 137, 141, 170, 186, 188, 198, 216, 246, 247].

Research at the Small-Scale level, which includes 38 papers, focuses on operational
and tactical problems within a local, city, or regional context. These studies often
address challenges such as traffic congestion, tight delivery windows, and dynamic
events. A major theme is urban logistics, with articles on reliable routing in dynamic
road networks [112], routing for electric vehicle fleets [150], optimizing on-demand food
delivery [227], and managing last-mile delivery [38, 64]. Several case-specific studies
solve problems in particular regions, such as optimizing mobile medical unit routes
[138], managing municipal solid waste [155], designing bioethanol supply chains [132],
and optimizing dry port operations [123]. Drone delivery is another key application on
this scale, as seen in the flying sidekick TSP model [117]. The category also includes
articles on regional resource allocation for water [36, 74, 75, 81, 93], inventory manage-
ment for red blood cells [108], and collaborative manufacturing planning [60]. Further
work includes green VRP [92], adaptive routing for parcels [193], and solving stochastic
VRP [37].

Finally, 27 papers focus on Large-Scale problems, which involve strategic or
major tactical decisions at a national or multi-regional level. These studies tackle the
complexity of large networks, long distances, and multiple supply chain echelons. A sig-
nificant portion addresses national public service and healthcare logistics, such as the
distribution of COVID-19 vaccines [181, 235], the management of national blood sup-
ply chains [1, 9], and the exchange of emergency resources [244]. Other national-level
studies focus on sustainable network design for agri-food production [139], bioethanol
[131], and biomass [31], as well as managing water resources [43, 44, 76, 101, 182] and
pharmaceutical supply chains [199]. Another theme within this category is the devel-
opment of methodologies specifically designed for scalability. This includes a review
on the solution of large combinatorial problems in manufacturing [246], a model for
large-scale location-production-routing [26], an approach for large-scale inventory opti-
mization [210], a framework for dynamic VRPs with time windows [17], and models
for large multi-echelon inventory systems [206].
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Table G3: Scale of optimization problems in the reviewed supply chain optimization
studies, sorted by frequency of use.

Any 134 [2, 6–8, 10–12, 16, 20, 25, 28, 32, 33, 38, 39, 45–50, 52–
54, 62–66, 68, 69, 71, 77–79, 82, 84, 85, 89, 90, 94–96,
99, 100, 102, 104, 107, 113–116, 118, 119, 121, 122, 125,
127–130, 133–137, 141–145, 147, 149, 151, 152, 162, 165,
167–174, 178, 183, 184, 186, 188–190, 192–196, 198, 200–
203, 207, 208, 211–216, 218–220, 222, 227, 228, 230–234,
236, 239–243, 245–249, 251, 252]

Small-Scale 38 [4, 27, 36, 37, 51, 56, 58, 60, 74, 75, 81, 86, 88, 92, 93,
97, 98, 105, 108, 111, 112, 117, 123, 124, 126, 132, 138,
146, 148, 150, 155, 156, 158, 160, 164, 176, 238, 250]

Large-Scale 27 [1, 9, 17, 26, 31, 34, 43, 44, 57, 70, 73, 76, 87, 101, 109,
131, 139, 175, 181, 182, 199, 206, 210, 221, 229, 235, 244]

Purpose of Use Count References
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[92] Jovanović, A.D., Pamučar, D.S., Pejčić-Tarle, S.: Green vehicle routing in urban
zones - A neuro-fuzzy approach. Expert Systems with Applications 41(7), 3189–
3203 (2014) https://doi.org/10.1016/j.eswa.2013.11.015

[93] Kazemi, M., Bozorg-Haddad, O., Fallah-Mehdipour, E., Loáiciga, H.A.:
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Kačenauskaitė, R.: Reviewing the Applications of Neural Networks in Sup-
ply Chain: Exploring Research Propositions for Future Directions. Information
(Switzerland) 13(5) (2022) https://doi.org/10.3390/info13050261

[142] Moradi, B.: The new optimization algorithm for the vehicle routing prob-
lem with time windows using multi-objective discrete learnable evolution
model. Soft Computing 24(9), 6741–6769 (2020) https://doi.org/10.1007/
s00500-019-04312-9

32

https://doi.org/10.1016/j.indcrop.2022.115848
https://doi.org/10.1016/j.indcrop.2022.115848
https://doi.org/10.1016/j.indcrop.2022.115848
https://doi.org/10.1287/trsc.2021.1045
https://doi.org/10.1287/trsc.2021.1045
https://doi.org/10.1002/net.22200
https://doi.org/10.1016/j.cie.2019.04.032
https://doi.org/10.1016/j.cie.2019.04.032
https://doi.org/10.1007/s40747-024-01600-2
https://doi.org/10.1007/s40747-024-01600-2
https://doi.org/10.22034/ijsom.2021.109189.2279
https://doi.org/10.22034/ijsom.2021.109189.2279
https://doi.org/10.3390/su15053937
https://doi.org/10.1016/j.resenv.2023.100133
https://doi.org/10.1038/nature14236
https://doi.org/10.3390/info13050261
https://doi.org/10.1007/s00500-019-04312-9
https://doi.org/10.1007/s00500-019-04312-9


[143] Meisheri, H., Sultana, N.N., Baranwal, M., Baniwal, V., Nath, S., Verma, S.,
Ravindran, B., Khadilkar, H.: Scalable multi-product inventory control with lead
time constraints using reinforcement learning. Neural Computing and Applica-
tions 34(3), 1735–1757 (2022) https://doi.org/10.1007/s00521-021-06129-w

[144] Moghaddas, M., Tohidi, G.: A neurodynamic scheme to bi-level revenue-based
centralized resource allocation models. Journal of Intelligent and Fuzzy Systems
37(2), 2741–2756 (2019) https://doi.org/10.3233/JIFS-182953

[145] Mousa, M., Berg, D., Kotecha, N., Rio Chanona, E.A., Mowbray, M.: An anal-
ysis of multi-agent reinforcement learning for decentralized inventory control
systems. Computers and Chemical Engineering 188 (2024) https://doi.org/10.
1016/j.compchemeng.2024.108783

[146] Ma, N., Wang, Z., Ba, Z., Li, X., Yang, N., Yang, X., Zhang, H.: Hierarchical
Reinforcement Learning for Crude Oil Supply Chain Scheduling. Algorithms
16(7) (2023) https://doi.org/10.3390/a16070354

[147] Najjartabar Bisheh, M., Nasiri, G.R., Esmaeili, E., Davoudpour, H., Chang, S.I.:
A new supply chain distribution network design for two classes of customers
using transfer recurrent neural network. International Journal of System Assur-
ance Engineering and Management 13(5), 2604–2618 (2022) https://doi.org/10.
1007/s13198-022-01670-w

[148] Novelan, M.S., Efendi, S., Sihombing, P., Mawengkang, H.: Vehicle Routing
Problem Optimization with Machine Learning in Imbalanced Classification Vehi-
cle Route Data. Eastern-European Journal of Enterprise Technologies 5(3(125)),
49–56 (2023) https://doi.org/10.15587/1729-4061.2023.288280

[149] Nezamoddini, N., Gholami, A., Aqlan, F.: A risk-based optimization frame-
work for integrated supply chains using genetic algorithm and artificial neural
networks. International Journal of Production Economics 225 (2020) https:
//doi.org/10.1016/j.ijpe.2019.107569

[150] Nouicer, D., Msadaa, I.C., Grayaa, K.: A Novel Routing Solution for EV Fleets:
A Real-World Case Study Leveraging Double DQNs and Graph-Structured Data
to Solve the EVRPTW Problem. IEEE Access 11, 122116–122127 (2023) https:
//doi.org/10.1109/ACCESS.2023.3327324

[151] Noh, J.: Reinforcement Learning for Optimizing Can-Order Policy with
the Rolling Horizon Method. Systems 11(7) (2023) https://doi.org/10.3390/
systems11070350

[152] Neria, G., Tzur, M.: The Dynamic Pickup and Allocation with Fairness Prob-
lem. Transportation Science 58(4), 821–840 (2024) https://doi.org/10.1287/trsc.
2023.0228

33

https://doi.org/10.1007/s00521-021-06129-w
https://doi.org/10.3233/JIFS-182953
https://doi.org/10.1016/j.compchemeng.2024.108783
https://doi.org/10.1016/j.compchemeng.2024.108783
https://doi.org/10.3390/a16070354
https://doi.org/10.1007/s13198-022-01670-w
https://doi.org/10.1007/s13198-022-01670-w
https://doi.org/10.15587/1729-4061.2023.288280
https://doi.org/10.1016/j.ijpe.2019.107569
https://doi.org/10.1016/j.ijpe.2019.107569
https://doi.org/10.1109/ACCESS.2023.3327324
https://doi.org/10.1109/ACCESS.2023.3327324
https://doi.org/10.3390/systems11070350
https://doi.org/10.3390/systems11070350
https://doi.org/10.1287/trsc.2023.0228
https://doi.org/10.1287/trsc.2023.0228


[153] Nemhauser, G.L., Wolsey, L.A.: Integer and Combinatorial Optimization. John
Wiley & Sons, New York (1988)

[154] Nocedal, J., Wright, S.J.: Numerical Optimization. Springer, New York (2006)
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