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Machine learning (ML) has evolved into a crucial tool in supply chain management, effectively addressing
the complexities associated with decision-making by leveraging available data. The utilization of ML has
markedly surged in recent years, extending its influence across various supply chain operations, ranging
from procurement to product distribution. In this paper, based on a systematic search, we provide a
comprehensive literature review of the research dealing with the use of ML in supply chain management.
We present the major contributions to the literature by classifying them into five classes using the five
processes of the supply chain operations reference framework. We demonstrate that the applications of
ML in supply chain management have significantly increased in both trend and diversity over recent years,
with substantial expansion since 2019. The review also reveals that demand forecasting has attracted most
of the applications followed by inventory management and transportation. The paper enables to identify
the research gaps in the literature and provides some avenues for further research.

Keywords: machine learning; supply chain; operations; sustainability; risk management.

1. Introduction

1.1. Context of the study

Supply chain management (SCM) emerges as an important function within companies, driving the
efficient management of flows of goods, information and resources from suppliers to customers. Over
the time, SCM has evolved into a multifaceted challenge by addressing the ever-increasing complexity
of supply chains (Akin Ateş et al., 2022; Chatha & Jalil, 2022). Relevant examples that emphasize such
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complexity are related to the products portfolios which are becoming more diverse, as companies now
manage a wide range of products with varying characteristics, demand patterns and shelf lives (Han &
Chen, 2021; Jalali & Menezes, 2024). The variability of customers’ demand could also be perceived as an
important influencing factor to the faced complexity. Indeed, promotions, the availability of competitive
products as well as exposure to external events such as natural disasters significantly affect customer
behaviours (Scholten et al., 2020).

Such complexity also relates to supply chains that involve numerous suppliers, each with its own
lead times, quality standards and reliability. The complexity is also linked to various risks including
geopolitical instability, natural disasters, economic fluctuations and supply disruptions (Katsaliaki et al.,
2022; Chen & Chen, 2023). Furthermore, in the new era of digitization and with the development of new
information technologies, considerable amounts of data become available within supply chains from
various sources, including sensors, IoT devices, and transaction records and for most of the operations,
including procurement, production, inventory, transportation and sales (Talwar et al., 2021). These data
can also be obtained in real time.

Within this context of increasing supply chain complexity and data availability, machine learning
(ML), a subset of artificial intelligence (AI), has been developed over the last decades to assist supply
chain practitioners and researchers in improving their optimization and decision-making (Georgiev
et al., 2024; Sanders, 2024). These tools appear as alternative solutions to undertake observed shortages
encountered by the available traditional analytical methods (Jahani et al., 2023). In fact, ML tools are
shown to effectively capture complex and non-linear relationship within data and hence provide more
accurate predictions and informed decisions.

The increasing progress and widespread adoption of ML in SCM have motivated us to conduct a
comprehensive review. Our objective is to emphasize the current applications and challenges that are
associated with this technology. More specifically, we examine the impact of ML techniques, including
its three categories: supervised learning, unsupervised learning and reinforcement learning (RL), on
enhancing supply chain efficiency and decision-making processes.

1.2. Previous review papers

The application of ML in SCM has attracted several review papers in the literature. Ni et al. (2020)
analyzed the literature published between 1998 and 2018. The review search was based on two keywords
‘supply chain management’ and ‘machine learning’ and has identified 123 articles. The findings of
the work showed the trends of the research, the most used ML algorithms and the distribution of ML
algorithms in SCM activities, including storage, inventory, transportation and distribution. Akbari &
Do (2021) used a systematic literature review (SLR) to identify the trends and research directions with
regard to the use of ML in logistics and SCM. The SLR was conducted between 1994 and 2019 using the
keywords ‘Machine Learning’, ‘Logistics’, ‘Transportation’ and ‘Supply Chain’ and has identified 110
articles. They showed the statistical trends of ML in SCM along with some challenges without showing
the findings of the literature with regard to the ML techniques that are used or the SCM applications.
Toorajipour et al. (2021) conducted an SLR of the literature spanning between 2008 and 2018 with the
keywords ‘supply chain’, ‘production’, ‘marketing’ and ‘logistics’. The search resulted in 64 papers that
were analyzed by the authors, focusing on the AI techniques used in the reviewed papers. MendonÇa &
Junior (2023) conducted a review of 40 papers between 2000 and 2020. Their SLR was based on general
keywords such as AI, ML, Expert Systems and SCM. They analyzed the papers considering the main
areas of the supply chain operations reference (SCOR) model framework of operations to identify the
main research methodologies used in the literature and the main applications of AI in SCM operations.
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However, it should be noted that all of these published SLRs have reviewed papers until 2020, whereas in
the last 3 years, the field has moved on rapidly, particularly with regard to some ML techniques, such as
RL techniques, and SCM applications. Moreover, none of the above reviews has analyzed the literature
dealing with specific processes in SCM such as procurement, inventory management, maintenance, etc.

In the recent years, some other systematic reviews have also been published. These reviews have
been dedicated to analyze the research in specific sectors, such as the agriculture (Sharma et al., 2020;
Gupta et al., 2023; Kumari et al., 2023), the retail (Gopal et al., 2024), etc., or to deal with specific
SCM processes, such as demand forecasting (Hassan, 2022; Gautam et al., 2023), inventory management
(Sadowski et al., 2023), maintenance (Ma et al., 2022); transportation (Deniz & Özceylan, 2023), or to
deal with a specific ML technique used in SC applications, such as RL (Yan et al., 2022; Rolf et al., 2023).
However, there is a recent SLR that is relevant to our review paper, which is conducted by Jahani et al.
(2023). The authors analyzed the literature dealing with the use of data science and big data analytics (DS
and DBA) including ML in SCM. Their review is based on a sample of 364 papers published between
2005 and August 2022. In their analysis, they looked at short, mid-term and long-term decisions in
supply chain processes including procurement, production, distribution, logistics and sales. They also
analyzed 16 review papers published in A and Q1 journals. Their analysis missed though some supply
chain processes, such as demand forecasting and maintenance.

1.3. Contribution and structure of the paper

By analyzing the previous published SLRs dealing with the applications of ML in SCM, we have
identified two main limitations: (1) most of the previous SLRs have reviewed papers published until 2020,
whereas in the last 3 years, the field has moved on rapidly, particularly with regard to some ML techniques
and the SCM processes; (2) there are few recent systematic reviews that have covered the literature
published until 2022; however, they have been dedicated to analyze only specific sectors or specific
supply chain processes, lacking important ones, such as demand forecasting, inventory management
and maintenance. Bridging this gap in the literature, constitutes the objective of our paper. The review
conducted in this paper covers the developments published until the end of 2023. Moreover, it is based on
a search ontology that covers the keywords used in previous SLRs in addition to a set of new keywords,
related to SCM and ML concepts that have been recently considered in the literature. Hence, based on 415
identified papers published between 2000 and 2023, we provide in this paper a comprehensive literature
review of the most updated research dealing with the applications of ML in SCM. We have reviewed the
major contributions to the literature by classifying them into five classes, based on the five supply chain
processes defined by the SCOR model: PLAN, SOURCE, MAKE, DELIVER and RETURN (Ntabe et al.,
2015). In the PLAN process, we have included all publications dealing with the demand forecasting and
inventory management decisions. The procurement applications are included in the SOURCE process.
We have included production decisions and the maintenance of production systems in the MAKE process
whereas the distribution and transportation decisions are in the DELIVER process. In the RETURN
process, sustainability applications using return flows are considered. The methodology used to identify
the classes and to evaluate their content is based on the procedure presented in Seuring & Müller (2008),
which consists in using a deductive approach to select beforehand the classes to be analyzed for the
review.

The remainder of this paper is organized as follows. Section 2 describes the methodology used to
conduct the systematic review. The statistical analysis of the identified papers is provided in Section 3,
accompanied by an analysis of the trends of the research contributions. Section 4 reviews the findings
of the literature that deals with the applications of ML in SCM by splitting this literature into five
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classes defined by the SCOR model. Section 5 presents the conclusions of the work and identifies the
research gaps.

2. Review methodology

We performed a systematic review of the literature to (i) identify all published SCM articles that have
considered ML techniques; (ii) evaluate their contribution to the literature; and (iii) summarize their
findings, strengths and limitations.

The Scopus electronic database was used to search for all articles published between 2000 and 2023.
Scopus is selected because it is characterized by its broad coverage of journals in management and
engineering sciences (Sgarbossa et al., 2023). We used a keyword search structure composed of two
groups. The first group consists of the keywords related to the SCM context, whereas the second group
consists of the keywords that relate to the ML context. We performed a two-step search procedure. In
the first step, we considered straightforward keywords related to the supply chain and its three main
structural processes, also based on previous SLRs, i.e., ‘supply chain’, ‘procurement’, ‘production’ and
‘distribution’ and for the ML context, we used the simple keyword ‘machine learning’. For the latter,
only ‘machine learning’ was initially used and we did not use keywords related to the general areas of
AI and generative AI (GAI) since they lead to a broad literature that is beyond the scope of our review
paper. However, we noticed that the first search did not include the literature related to some supply
chain processes, despite the fact that they have attracted a considerable part of the literature, such as
‘demand forecasting’, ‘inventory management’, ‘transportation’ and ‘maintenance’, and some specific
ML techniques/categories, such ‘supervised learning’, ‘unsupervised learning’ and ‘reinforcement
learning’. Thus, we have conducted a second search where we have specified a larger set of keywords
covering the missing supply chain processes and ML categories according to the authors’ knowledge in
these areas. Note that this search ontology was restricted to the title, or keywords, or abstract. Hence,
the following search ontology was finally used: ‘[”supply chain” OR ”procurement” OR ”production”
OR ”distribution” OR ”demand forecasting∗” OR ”inventory management” OR ”transportation” OR
”maintenance”]’ AND ‘[”machine learning” OR ”supervised learning” OR ”unsupervised learning” OR
”reinforcement learning”]’.

As shown in Fig. 1, the application of the two-step search ontology yielded initially to 98225
documents. We screened the documents to include only documents that are published in English between
2000 and 2023 as articles, books, reviews or book chapters, which resulted in 45764. We also excluded
documents that do not belong to the category of ‘Business, Management and Accounting’ or ‘Decision
Sciences’, which resulted in 3090 documents. In the following step, we only kept the documents
published in operations and/or SCM or operations research journals, which resulted in 1131 documents.
The step of eligibility consists in checking the titles and abstracts of the documents to ensure that the
topic relates to SCM. The documents were split between the authors to check the eligibility and this
step yielded the exclusion of 411 records. Hence, the final sample used for the review is composed of
720 documents. It is worth pointing out that within the final sample, we have noticed that there are
many documents that, although they cite ML within the SCM literature, they do not include a particular
ML technique or an SCM application such as review papers, which makes them less interesting for our
analysis conducted in Section 4 of this paper. Therefore, our final review is based on 415 papers, which
have been thoroughly analyzed in this paper.

To report the findings of our review, we first conducted a descriptive analysis to show some statistics
related to the final sample of papers along with some general information and trend of the published
papers. We then reviewed the contributions of the literature by following a procedure presented in
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FIG. 1. Systematic review search methodology.

Seuring & Müller (2008) and Sgarbossa et al. (2023). This procedure shows that from a methodological
point of view, a literature review can be comprehended as a content analysis, where quantitative and
qualitative aspects are mixed to assess structural as well as content criteria. Hence, we used structural
dimensions, i.e., selected categories, to evaluate the content material collected for the review. For the
selection of the categories, we used a deductive approach, which consists in classifying the contributions,
before the literature is analyzed, using the SCOR theoretical framework. In fact, we classified the
contributions into five classes, based on the five supply chain processes (plan, source, make, deliver
and return) as defined in the SCOR framework.

3. Statistical analysis and trends of research contributions

In this section we analyze the general trend of the publications dealing with ML applications in SCM. We
also present the trend and statistics related to these publications per source title, learning type considered
in the research work and the supply chain process.
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FIG. 2. Evolution of the number of publications per year.

To start with, Fig. 2 depicts the evolution of the number of publications between 2000 and 2023,
including those in each of the three ML categories, i.e., supervised learning, unsupervised learning
and RL.

The results show that the number of publications, dealing with the application of ML in SCM, was
slightly fluctuating but remained relatively stable until 2018. However, Fig. 2 shows that the literature
has clearly seen an expansion since 2019 and the number of publications has substantially increased
in 2023 compared to 2022. Moreover, the results clearly show that supervised learning is the most used
category of ML techniques within the SCM applications with a clear increase in the applications of the RL
methods between 2019 and 2023. The applications using unsupervised learning remain comparatively
limited. This may be explained by the fact that these models typically intervene in selecting adequate
input data for the analysis rather than being central to the core analysis task.

With a view to refine our selection, we focus on the top 15 journals with the highest number of
published papers. Figure 3 depicts the number of papers per source title to help highlighting the selected
journals.

Figure 3 shows that a considerable part of the research dealing with ML and its applications in SCM
has been published in the International Journal of Production Research with more than 50 published
papers followed by the International Journal of Production Economics. Figure 3 also shows that the
International Journal of Forecasting is among the journals that has not published many papers using
ML, despite the fact that the area of demand forecasting, as it will be shown further in the paper, is the
area that has attracted most of the applications of ML in the literature. The results of the search also reveal
that the research published in the American journals remains limited with only few papers published in
journals such as Management Science and Manufacturing and Service Operations Management.

Figure 4 reports the statistics of the published papers per SCM process and shows the ML category
used in each process. We show the statistics by considering the processes being classified into the five
SCOR processes and we also report the supply chain areas in each class.

As may be noticed from Fig. 4, the PLAN process has attracted most of the research related to ML
within the supply chain literature, with about 50% of the publications. It is clear that within this process,
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FIG. 3. Number of publications per source title (2000–2023).

FIG. 4. Number of publications per supply chain application (2000–2023).

‘demand forecasting’ and ‘inventory management’ are the dominating areas. The statistical analysis also
shows that the DELIVER process is the second most considered process, with both the ‘distribution’
and ‘transportation’ areas reaching 27% of the literature. The RETURN process has attracted very little
number of publications considering ML. The results also show that supervised learning techniques are the
most used in all supply chain processes (exceeding 300 publications in total), whereas the unsupervised
learning techniques are the least considered ones (with less than 30 publications in total). It should also
be noted that RL is particularly more used in the inventory management publications.
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4. Supply chain processes and ML applications

This section reviews the findings of the literature dealing with the use of ML in various SC processes. We
present these findings by relating them to the PLAN, SOURCE, MAKE, DELIVER, RETURN processes
in the supply chain.

4.1. PLAN process

For this process, we focus on the management and planning decisions within supply chains, including
demand forecasting and inventory management.

4.1.1. Demand forecasting. Demand forecasting is a vital task in SC management as it affects
strategic, tactical and operative decisions (Babai et al. 2020), to such an extent that most of the reviewed
papers refer to demand forecasting. In particular, the bullwhip effect, one of the most important issues
facing multi-echelon SCs, can be mitigated by accurate forecasts (Zhang, 2004), which become more
and more vital in these contexts. In order to forecast future demand, the forecasting approaches can use
(Yasir et al., 2022):

• Endogenous input data, which refer solely to the time-series of past demands as common inputs of
the conventional statistical parametric approaches.

• Exogenous input data (e.g., price fluctuations and customers’ behaviours), which affect the demand
and thus can be collected and used to extract valuable knowledge from heterogeneous data sources
and improve forecasts’ accuracy (Lamba & Singh, 2017; Brookes et al., 2024; Debnath et al., 2024;
Rostami-Tabar et al., 2024). This justifies the greater attention placed in the last decade on ML for
demand forecasting, as ML is the main pillar of big data analytics.

• Hybrid input data when both endogenous and exogenous inputs are used.

One of the first works using only endogenous inputs to train ML approaches is that proposed by
Carbonneau et al. (2008), where they forecast the demand at the end of the supply chain (distorted
demand resulting from the bullwhip effect) by using artificial neural networks (ANN), recurrent neural
networks (RNN) and support vector machine (SVM) compared to classical statistical methods (i.e., naïve,
moving average and linear regression). Several works exploit the forecasting accuracy of ML approaches
in different sectors using only endogenous inputs: automotive sector (e.g., Singh & Challa (2016),
Leung et al. (2009), Cao & Shen (2019)), medical sector (e.g., Koulouriotis & Mantas (2012), Barros
et al. (2021), Zhu et al. (2021), Rekabi et al. (2023)) and food sector (e.g., Singh & Mishra (2023a),
Singh & Mishra (2023b)) are examples of application fields of ML approaches using endogenous input.
A challenging trans-sectorial field for the application of ML is represented by intermittent demand
(Syntetos & Boylan, 2001), which arises in many real industrial contexts such as spare parts, start-up
productions, multi-echelon supply chains (Syntetos et al., 2015) as well as when forecasting retail sales
at a store or product level (Spiliotis et al., 2020). The works of Gutierrez et al. (2008), Kourentzes
(2013), Lolli et al. (2017), Babai et al. (2020), Jiang et al. (2021) and Zhang et al. (2023) are examples
of empirical comparison of ML approaches with parametric methods, in particular Croston’s method
(Croston, 1972) and the Syntetos–Boylan Approximation (SBA) (Syntetos & Boylan, 2005), when
forecasting intermittent demand using only endogenous variables. As underlined in Zhang et al. (2023),
it deserves to be noted that the higher the intermittence, the more challenging the forecasting is as the
number of observations decreases. In order to address this limitation and improve the forecast accuracy,
Zhuang et al. (2022) explore the use of exogenous input data for forecasting intermittent demand in the
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field of automotive spare parts (e.g., retention data of the car type to which the spare part belongs and
type of spare part). Indeed, in the last few years, ML is exploited extensively for demand forecasting (not
only intermittent) also by including into the input set some exogenous explanatory variables, along with
the endogenous inputs coming from the time series. Actually, the explanatory variables advantage ML
over standard forecasting techniques as ML is a powerful tool for interpreting Big Data (Boone et al.,
2019).

Papers accounting for hybrid inputs deal with several exogenous variables based on the specific
sector analyzed, e.g.: Kaya et al. (2022) for the automotive sector; Feizabadi (2022) for the steel sector;
(Ferreira et al., 2016; Loureiro et al., 2018; Giri & Chen, 2022; Yasir et al., 2022; Fu & Fisher, 2023) in
the sector of fashion retail, where many exogenous product-related variables from different data sources
(e.g., e-commerce and social media) can improve forecasting accuracy. All the aforementioned contri-
butions on hybrid approaches allow us to underline once again the ability of ML of capturing complex
relationships between demand and Big Data. More recently, this feature of ML has been investigated
in the famous M5 forecasting competition (Spiliotis et al., 2021), which differently from the previous
four editions (Makridakis et al., 1982, 1993; Makridakis & Hibon, 2000; Makridakis et al., 2020)
comprehends for the first time not only time series standalone but also exogenous variables. In particular,
the interesting finding of M5 competition is that all 50 top performing methods are based on ML
(Makridakis et al., 2022). This clearly shows the power of ML in dealing with exogenous variables not
included in the previous competitions. Spiliotis et al. (2021) exploit the M5 data to forecast probabilistic
product sales, i.e. quantiles. They find that no forecasting method outperforms the others across all the
considered quantiles. Moreover, they individuate how the added-value brought by more sophisticated
methods needs to be evaluated in terms of inventory performance as simple and empirical methods are
proved to provide very similar inventory performance at a lower computational cost. In conclusion, no
model outperforms the others in all the situations. In other words, there are ‘horses for courses’, i.e.,
methods that fit better than others for some types of data (Petropoulos et al., 2014). Nevertheless, ML
performs better than statistical methods when exogenous data are included (Makridakis et al., 2022); this
justifies the greater attention given to ML during the current Big Data era. It is worth stressing that all
the aforementioned papers exploit supervised ML approaches. However, unsupervised ML approaches
may be applied to forecasting as a pre-processing stage. For example, Pereira & Frazzon (2021) cluster
products of an omni-channel retailer, and Thomassey (2010) uses unsupervised ML approaches for data
pre-treatment in the fashion sector.

We summarize in Table 1 the research dealing with ML in the demand forecasting literature using
a classification by sector (rather than by SC application since all the publications deal with the demand
forecasting application). This summary along with our analysis of the statistics about ML techniques used
in the literature reveals that the NN approach clearly dominates the demand forecasting literature. In fact,
ANNs and RNNs are particularly highly recommended in demand forecasting due to their proficiency in
modeling complex, non-linear relationships and handling time series data patterns. However, for smaller
datasets with well-defined demand boundaries, SVMs are more suitable. It should also be noted that in
sectors with significant external influences, such as automotive and fashion retail, hybrid models that
integrate both endogenous and exogenous data can greatly enhance forecasting accuracy.

Finally, it is worth pointing out that all the reviewed papers related to forecasting deal with either
supervised or unsupervised coupled with supervised ML approaches. To the best of our knowledge, only
one paper (Hassan et al., 2020) applies an RL approach, where an RL framework combining time series
models and ML algorithms is proposed. Specifically, after clustering the dataset, RL is used for learning
dynamically the performance of various forecasters based on their past accuracy. Then, the forecasters
are weighted period by period to achieve the forecast for the incoming one, according to the specific
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TABLE 1. ML applications in demand forecasting

SC application & sector ML method Reference

Forecasting in the automotive
sector

GRNN Leung et al. (2009)

DPFNN Cao & Shen (2019)
ANN, ANFIS Singh & Challa (2016)
ANN Kaya et al. (2022)

Forecasting in the medical sector ANN, RNN, ANFIS Koulouriotis & Mantas (2012)
RNN Zhu et al. (2021)
ANN, SVR Barros et al. (2021)
LR, QR Rekabi et al. (2023)

Forecasting in the food sector DT Singh & Mishra (2023a)
DT Singh & Mishra (2023b)

Forecasting in the steel sector ARIMAX, ANN Feizabadi (2022)
Forecasting in retail ANN, RF regression, SVM,

DTR
Loureiro et al. (2018)

SR, PCR, PLSR, MR, SR,
RT

Ferreira et al. (2016)

ANN, k-means Pereira & Frazzon (2021)
DT, k-means Thomassey (2010)
CNN, k-means, k-NN,
SVM, RF, ANN, NB

Giri & Chen (2022)

LR, SVR, LSTM, GLSR Yasir et al. (2022)
ANN Fu & Fisher (2023)

Forecasting intermittent demand ANN Gutierrez et al. (2008)
ANN Kourentzes (2013)
ANN, ELM Lolli et al. (2017)
ANN Babai et al. (2020)
AUSVM Jiang et al. (2021)
ANN Zhang et al. (2023)
TrAdaBoost Zhuang et al. (2022)

instance under evaluation. That is to say, RL has the potential benefit to improve the forecasting accuracy
through a rolling horizon approach, and thus represents a promising as well as yet poorly researched ML
technique in SC management.

4.1.2. Inventory management. ML has been used since 2000s for inventory management applications.
The contributions in the literature can be categorized in three classes:

• Solving problems that are modelled as a Markov decision process (MDP) with curse of dimension-
ality.

• Considering big data driven inventory control, i.e., dealing with distribution-free inventory problems.

• Solving inventory classification problems, mainly under a multi-criteria classification context.
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Within the first class of contributions, many authors consider the case of multi-echelon stochastic
inventory systems. This is justified by the fact that finding optimal or near-optimal solutions in this
case implies exponentially large scenario trees, which can be tackled using ML methods. Early works
in the literature include Giannoccaro & Pontrandolfo (2002) and Chaharsooghi et al. (2008) where RL
algorithms are considered to deal with inventory problems and the optimization is determined using an
average reward criterion. The solution is obtained by means of a Q-learning algorithm. This literature
shows that using the Q-learning algorithm leads to a high reduction of inventory costs compared to
classical benchmarks such as genetic algorithms. ANN are also used to deal with inventory problems,
especially to represent scenarios’ trees, and can lead to near-optimal solutions even using simple
networks (Prestwich et al., 2012). More recently, deep reinforcement learning (DRL), which refers to the
inclusion of neural networks in RL, has attracted many researchers in the inventory literature. It has been
shown how DRL can also be used as a numerical approach to approximately optimize a large class of
inventory problems that are modelled as MDPs with curse of dimensionality. The key design choices
of DRL algorithms to facilitate their implementation have also been discussed (Boute et al., 2022).
Naturally, within this literature, the deep Q-network algorithm (DQN) is used (De Moor et al., 2022;
Oroojlooyjadid et al., 2022) and it is applied to the perishable inventory problems and to the beergame.
It should be noted that the classic Q-learning algorithm and its advanced versions are the most used
RL algorithms in the inventory literature. This may be explained by the fact that the classic Q-learning
algorithm consists in finding an optimal policy often by maximizing the expected value of the total
reward, which is applied to an MDP using an optimal action-selection policy. Such a process is natural
for most of the inventory control problems that consist in finding the optimal policy after modelling it
as an MDP. Since the modelling of inventory policies in omnichannel distribution systems using MDPs
also lead to curse of dimensionality, RL is used by Goedhart et al. (2023) to solve such problems. Other
examples of applications of ML where data are used to prescribe optimal decisions in inventory control
problems in other contexts (e.g., omnichannel inventory system, advanced inventory policies, etc.) can
be found in Bertsimas & Kallus (2020); Asadi & Pinkley (2021); Chen et al. (2022); Gijsbrechts et al.
(2022); Preil & Krapp (2022); Wang et al. (2022); Bertsimas et al. (2023); Park et al. (2023).

With regard to the second class of contributions, a considerable body of research deals with big data
driven inventory problems (Ban & Rudin, 2019; Huber et al., 2019; Clausen & Li, 2022; Neghab et al.,
2022; Tian & Zhang, 2023). The main idea of this literature is that the models relax the distribution
assumptions of the demand and they are solved using ML methods based on real observed data. A
work where the newsvendor model is considered has been introduced by Ban & Rudin (2019) and
an extension by Clausen & Li (2022) has been developed in the case of an order-up-to level model.
Algorithms based on ANNs and kernel-weights optimization have been used to solve the problems,
which allows to empirically show the importance of the consideration of features within the data in
solving free-distribution inventory problems. Galli et al. (2021) is another example of a research where
the authors considered the K-NN, DT and RF methods to solve a distribution-free inventory problem
using real data in a healthcare context. In another stream of literature, it has been shown that ML
can be used to select an appropriate inventory strategy among different strategies while avoiding time
consuming simulations (e.g., Tsai & Huang (2012)). To cite some of this research, Faccio (2015) showed
the performance of a heuristic procedure based on a DT approach in identifying the most appropriate
warehouse centralization/decentralization strategy for spare parts. More recently, the literature has shown
how the time of simulation can be reduced when using deep neural networks (Van der Gaast & Weidinger,
2022).

Within the third class of contributions, the objective of the research is to propose methods that classify
items based on their inventory performance (i.e., jointly carrying the tasks of inventory classification and
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TABLE 2. Inventory control applications of ML

SC application ML method Reference

Inventory problems modelled as an
MDP with curse of dimensionality

RL Giannoccaro &
Pontrandolfo (2002),
Chaharsooghi et al. (2008),
Bertsimas & Kallus (2020),
Boute et al. (2022)

Big data driven inventory NN Clausen & Li (2022)
problems (distribution free KNN, DT and RF Galli et al. (2021)
inventory problems) DT Faccio (2015)
Inventory classification SVM Lolli et al. (2019)
problems ML classifiers with a GA Svoboda & Minner (2022)

control) instead of separately classifying items and finding appropriate control policies for the classes.
In this line of research, a multi-criteria inventory classification problem when items have an intermittent
demand pattern has been solved by Lolli et al. (2019) using methods such as SVM with a Gaussian kernel
and deep neural networks. This research has provided evidence on the reduction of the simulation efforts
and the high classification accuracy. Another more recent example, the work of Svoboda & Minner
(2022) where an ML-based inventory classification method is proposed enabling to assign products
to classes of inventory control policies having specific target service levels and demand distributions.
In addition to the ML classifiers, GA is considered to train cost-minimizing DTs. The authors show
that the proposed method provides classifications that have an average cost close to the cost-optimal
classifications.

We present in Table 2 the three categories of applications in the inventory control literature using ML
along with the used techniques and key references.

4.2. SOURCE process

Supplies are a critical point in supply chains, and due to their complexity, the use of modern methods
such as ML is required. In this field, especially since 2020, there has been a continuously increasing
number of published papers.

There are studies (e.g., Ali et al. (2023b)) where criteria that each organization must consider for
partner selection have been identified and proposed using the RF method. Other studies (e.g., Pal et al.
(2017)) have found, through the application of LR and NNs, that the factors for selecting an appropriate
partner are as follows: service provided by suppliers and/or subcontractors, continuous improvement,
supplier and/or subcontractor delivery reliability, and effective problem-solving. Furthermore, using
ANN (Kuo et al., 2010; Manohar & Kumar, 2020), ecological parameters for the corresponding issue
have been evaluated.

Additionally, the collaboration between businesses or entities has often been studied either in advance
or retrospectively, meaning either for selecting a partner or for evaluating the existing collaboration and
the possibility of its termination. This has been done using various ML algorithms such as DT, RF, GBM
(Abdulla et al., 2023), ANN (Akbaba & Çetin, 2022) and RL methods (Kim et al., 2008). Research has
also been conducted on creating a ranking series of suppliers according to the priorities of the business,
once again using ANN (Sharma & George, 2021).
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Deciding what to perform in-house and what to hire outside providers to do is a crucial and vital
decision for businesses. The decision to collaborate with third-party logistics (3PL) service providers
offers flexibility but also raises issues such as information sharing for the businesses that choose it. For
example, ANN has been used to evaluate options so that the interested business can decide whether or
not to seek a 3PL partner (Raut et al., 2017). Research has also been done on issues related to supplier
selection exclusively in agile supply chains (Wu & Barnes, 2012). According to it, and after using various
methods including ANNs, practitioners may find it difficult to match supplier evaluation criteria with the
strategic objectives for an agile supply chain, and they may perceive the model to be too complex for use
when speed is of the essence.

One of the few cases of using RL in the field of procurement is the study of consumer behaviour and
the influence of supplier pricing on the retailer’s competitiveness (Deng, 2023).

The optimal way of exchanging information and data between partners constitutes a competitive
advantage for businesses that implement it, although there are risks associated with such a move. The
exchange of information regarding procurement costs significantly contributes to this. The use of ANN
has emerged as the most effective way of supporting the sharing of strategic information in buyer–
supplier relationships and reducing the manual effort for data preparation (Bodendorf et al., 2022).

Besides partners, each business is also influenced by the actions of competitors, which, due to the lack
of information exchange, is naturally difficult to study. Despite the difficulty, Mamoudan et al. (2022)
attempted this in 2022. Using advanced ML methods such as convolutional neural network (CNN) and
long short-term memory (LSTM), they managed to predict future prices of competitive brands, allowing
the studied business to manage this information to its advantage.

The main areas of application of ML in the procurement literature, the ML techniques used and the
key references are summarized in Table 3.

4.3. MAKE process

For this process, we present an overview of the applications of ML in relation with the management and
maintenance of production systems.

4.3.1. Production management. ML methods have been used since the early 2000s to solve three
types of problems in production systems.

• To deal with the complexity of lot-sizing and scheduling decisions within production systems.

• As alternative to simulation modelling of production systems under uncertainty.

• For prediction purposes in production systems, such as yield and flow times prediction.

In the production literature dealing with ML techniques, there is a reference to two types of lot
sizing problems: online and offline lot-sizing problems. The former refers to problems where only
few future periods from the horizon are known whereas the latter refers to problems where the entire
horizon is known. Both aim to optimize the size of the production batches where the data of the master
production schedule are processes using ML taking into account uncertainties and other capacity and
cost constraints. The literature dealing with the online lot-sizing problem started in the early 2000s where
several ANNs are considered. For instance, the multi-layers perceptron (MLP) model combined with the
KNN technique is used by Aarts et al. (2000). An ANN architecture that employs the back propagation
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TABLE 3. Procurement applications of ML

SC application ML method Reference

Managing relationships LR, NN Pal et al. (2017)
Material usage reduction DT, ANN Kuo et al. (2021)
Partner selection DT, RF Wilson et al. (2020)

RL Kim et al. (2008)
DT Nepal & Yadav (2015)
Polynomial regression,
SVM

Islam et al. (2021)

ANN Wu & Barnes (2014)
ANN (backpropagation) Lau et al. (2005)

Green supplier selection ANN Kuo et al. (2010)
3PL partner selection ANN Raut et al. (2017)
Managing many partners in order
to achieve best price per unit

NLP, RNN, K-means Abdollahnejadbarough
et al. (2020)

Information sharing management RF, SVM and LR Sasaki & Sakata (2021)
Supply chain relationship quality
conditions

ANN (backpropagation) Tsai & Hung (2016)

Prediction of inefficiency and
corruption in public procurement

Gradient Boosting
Machines (GBM), lasso
classification

Gallego et al. (2021)

Pricing RL Deng (2023)

learning algorithm has also been used by Chih-Ting Du & Wolfe (2000) in conjunction with fuzzy logic
controllers to refine inventory classification and hence help retrieve adequate lot-sizing decisions within
a real-time MRP system.

Other applications of ANNs in lot sizing problems are proposed by Rohde (2004), Mahdavi et al.
(2009) and Van Hezewijk et al. (2023). On the question of scheduling problems, open-shop scheduling
problems are solved by Colak & Agarwal (2005) using augmented NN and by Kim et al. (2020) using
more sophisticated DL techniques. A scheduling method using a real time selection of dispatching rules
(through a DT) in combination with statistical process control charts (SPCC) is proposed by Metan et al.
(2010). The proposed ML methods have been shown to outperform standard scheduling heuristics from
the literature.

With regard to simulation of production systems, kanban based simulation models and meta-
modelling of discrete event simulation of production lines subject to uncertainties have been analyzed
by Guneri et al. (2009), Can & Heavey (2012) and Mohammad Nezhad & Mahlooji (2014) using ANNs.
This literature shows the cost benefit of ML-based models compared to the conventional simulation-
optimization methods. ANNs have been shown especially to be associated with a reduced computational
requirement compared to standard methods. Hence, it is clear from the literature that ML allows to create
approximate models which sacrifices accuracy for a computational gain, knowing that simulation may
have execution times that are computationally expensive. Moreover, the ML-based approach can develop
models without underlying assumptions or a prior knowledge about the relationship between the control
factors and the performance (Can & Heavey, 2012).
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ML has also been used in the literature for prediction purposes in production systems. For example,
the completion time and the tardiness of a job in the production process is estimated by Ahmarofi et al.
(2017) using ANNs with feedforward MLP. Yields in different units of a multi-stage production/inven-
tory system are predicted by Cheng & Tang (2018) using an SVR model. The consumption of spare
parts in a communication network is predicted by Mouronte-López (2018) using an MLP NN model.
More recently, ANNs have also been used by Schneckenreither et al. (2021) to forecast flow times in a
manufacturing system for a dynamic setting of lead times that enables to determine order releases.

Hence, it is clear that a plethora of ML models have been considered to deal with production
problems. ANNs and DL architectures are found to perform well given their proved effectiveness in opti-
mizing batch-sizes and scheduling decisions within production systems with uncertainty. When dealing
with simulation modelling, ANNs are also recommended given their flexibility and better computational
efficiency compared to traditional simulation-optimization models. For prediction purposes, ANNs and
SVR are suitable for accurately forecasting job completion times, yields and spare part consumption.

Finally, through this review, we have noticed that production has attracted several studied related to
supply chain sustainability. In fact, the reduction of energy and materials, as well as their reuse through
recycling/remanufacturing, has occupied researchers since 2020. Using primarily supervised but also
unsupervised learning, they achieved the desired goals (Behnamfar et al., 2022; El Hathat et al., 2023;
Orošnjak et al., 2023; Ali et al., 2023a).

4.3.2. Maintenance. Studies focusing on optimizing maintenance tasks are particularly tightened
around four main strategies, namely: predictive maintenance, preventive maintenance, condition-based
maintenance (CBM) and total productive maintenance (TPM). The literature review reveals that
predictive maintenance and CBM studies primarily refer to the DL approach, whereas preventive
maintenance and TPM are more commonly explored using ML models. Predictive maintenance focuses
on anticipating equipment failure rates, spare parts needs and maintenance costs (Scarf et al., 2024).
Available studies emphasize the effectiveness of neural networks, most notably architectures that are
adapted to sequential data such as LSTM and ANN models. Indeed, ANNs trained with sensor data
can effectively predict equipment failure rates (Fordal et al., 2023), and LSTM networks outperform
traditional statistical methods, such as ARIMA and SES (Bampoula et al., 2021).

CBM aims to minimize downtime by making maintenance decisions based on the observed condition
of the equipment. Here, we shall point out that various approaches using ML models (e.g. RF, DT),
RL, simple DL (e.g. ANN) and hybrid DL models (e.g., CNN-LSTM) have shown superior accuracy in
predicting the remaining useful life (RUL) of equipment and optimizing maintenance schedules (Accorsi
et al., 2017; Zhao et al., 2018; Shcherbakov & Sai, 2022; Yang et al., 2022). On the other hand, preventive
maintenance involves replacing or maintaining equipment components before their expected failure.
Studies dealing with this maintenance strategy propose various ML frameworks using models such as RF,
LR, KNN and SVM, which are often combined with feature extraction techniques, to accurately predict
the RUL of equipments (Bampoula et al., 2021; Choudhury, 2021; Gayialis et al., 2022). In the context of
TPM, ML applications focus on predicting machine failure times and optimizing maintenance processes.
These studies aim to significantly increase the mean time between failures (MTBF) and enhance overall
equipment reliability. Advanced ML models have shown promising results in improving maintenance
efficiency and reliability metrics (Mohan et al. (2021), Zhong et al. (2017)).

Table 4 provides a selection of studies that dealt with maintenance management using ML
approaches.

It could be concluded that for effective maintenance strategies, one should refer to DL approaches
such as LSTM for predictive maintenance in order to anticipate equipment failures and costs. Models
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TABLE 4. Summary of ML applications in maintenance

SC application ML method References

Predictive maintenance
Equipment failure rate prediction ANN, LSTM Fordal et al. (2023),

Bampoula et al. (2021)
Predicting maintenance requirements for
desired OEE

SVM, XGBoost, DL, RF Hassani et al. (2019)

Preventive maintenance
Predicting process routes for steel
materials

RF, LR, KNN, SVM Choudhury (2021)

Predicting useful life of equipment LSTM-based DNN Bampoula et al. (2021)
CBM
Predicting RUL of systems RF, DT, ANN Accorsi et al. (2017)
Integrated CBM methodology for
redundant systems

RL Yang et al. (2022)

Complex multi-object systems failure risk
prediction

CNN-LSTM hybrid Shcherbakov & Sai
(2022)

TPM
Predicting time to failure of machines Adaptive ARIMA Mohan et al. (2021)
Intelligent techniques for TPM IoT, cloud manufacturing Zhong et al. (2017)

such as RF, DT, RL and hybrid CNN-LSTM are likely to be appropriate for tackling CBM issues to help
to minimize downtime by predicting equipment’s RUL. On the other hand, we advocate implementing
ML frameworks that involve RF, LR, KNN and SVM for preventive maintenance to proactively predict
equipment component failures.

4.4. DELIVER process

4.4.1. Distribution. Product distribution faces a constantly changing world. The increase in global
population (Flores & Villalobos, 2020), urbanization (Tian et al., 2021) and their consequences, such
as hunger in many regions of the planet (Nair et al., 2017), have made decision-making for goods
distribution a challenging task. Researchers have attempted to address this challenge using advanced
ML methods, particularly supervised learning.

Two additional issues in this field are the stochastic nature of goods’ demand and the new online
purchasing methods. In the former, unsupervised learning and RL have been applied, with researchers
trying to manage distribution problems to various customers from a single origin (Achamrah et al., 2022)
and the variability among countries in this area (Federico et al., 2023). RL succeeds in controlling the
combinatorial complexity of each problem, which makes its use essential for many issues. Our research
has identified supervised learning as the primary method for managing online purchases and thus their
distribution. Using this method, authors-researchers have achieved timely and cost-effective delivery of
products to customers (Salari et al., 2022; Tao et al., 2023).

The problem of locating business facilities, factories and warehouses, both central and otherwise,
plays a vital role in goods distribution, whether for online orders or backorders. In this case, all three
ML methods (supervised, unsupervised, RL) have been employed, with supervised learning being

D
ow

nloaded from
 https://academ

ic.oup.com
/im

am
an/article/36/1/21/7849817 by Istituto ed O

rto Botanico user on 25 M
arch 2025



ON THE USE OF ML IN SCM 37

predominant. Finding the appropriate location may involve selecting the right country (Canbolat et al.,
2007; Khalid & Herbert-Hansen, 2018) or, on a smaller scale, the right location within a city (Hsieh &
Tien, 2004; Chang et al., 2021; Kemmar et al., 2021).

Extensive research has also been conducted on last-mile distribution. Supervised learning is once
again applied here. It is used to calculate orders that will not be fulfilled in the near future using methods
such as AdaBoost Regressor, Bayesian Ridge, and Decision Tree Regressor (Pegado-Bardayo et al.,
2023) and for faster order picking using the CNN method (Azizpour et al., 2022). RL has also been
applied to find the optimal continuously changing location of Mobile Parcel Lockers (Liu et al., 2023)
and to improve overall last-mile distribution (Dieter et al., 2023).

It should be stated that there is a significant need to assist the newsvendor seller in a global market
that is constantly changing, where all data are characterized by uncertainty. For this purpose, research
using supervised learning has been conducted because sudden changes in demand cannot be managed
with traditional methods (O’Neil et al., 2016; Thoummala et al., 2023).

Finally, this review recommends leveraging supervised learning to ensure timely and cost-effective
deliveries, whereas unsupervised learning and RL might be used to handle the stochastic nature of
demand and complex distribution challenges. For locating business facilities, apply a combination of
supervised, unsupervised and RL methods. More specifically, supervised learning is likely to be the most
prevalent. When dealing with last-mile distribution and the newsvendor problems, supervised learning
should be employed for order calculations and faster order picking, while using RL enables for optimal
mobile parcel locker locations and enhances overall distribution efficiency.

4.4.2. Transportation. Transportation involves more agents acting within SCs, especially in multi-
echelon SC architectures, where Internet of Things (IoT) represents the data source converting supply
chains into hyper-connected multi-layer networks (Ben-Daya et al., 2019). By leveraging ML in supply
chain transportation processes, companies can take more informed decisions, improve efficiency, reduce
costs and enhance customer satisfaction. We can underline three main interrelated goals to reach in
transportation by means of ML algorithms, in particular:

• Forecasting of travel time, traffic flow and transportation price.

• Real-time optimization of routing and schedules.

• Improve sustainability of transports.

The first goal responds to the need of making transports controllable by using historical and real-
time data on transports. In particular, real-time data are often provided by IoT devices and enhance
supply chain visibility through tracking and monitoring. Forecasting of travel time (e.g., Li et al. (2019)
and Chen et al. (2021)), traffic flow (e.g., Moscoso-López et al. (2019)) and transportation price (e.g.,
Budak et al. (2017)), as well as the analysis of their explanatory variables (e.g., Merchan et al. (2020)
and Chandra et al. (2022)), are generally dealt with supervised ML approaches, among which ANNs and
decision trees are the most adopted ones.

In order to optimize real-time routing and schedules, i.e., the second goal that ML can pursue,
historical and real-time data can be used again, but in this case to address changes in weather, traffic
congestion and so on. RL reveals to be of a great potential in such dynamic environments, where
it is used proactively and not only descriptively and predictively. Indeed, RL is extensively applied
in optimization problems such as trailer loading (Jung & Yang, 2023) and minimizing transportation
costs (Xiang et al., 2023). As already underlined, RL effectively addresses problems characterized by
dynamic conditions (Basso et al., 2022; Van Steenbergen et al., 2023; Zhao & Liang, 2023), offering
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new solutions to long-standing issues. Port and terminal logistics represents an interesting application
field both of RL (e.g., Irannezhad et al. (2020)) and of ANN (e.g., Becker et al. (2016)) for routing
decisions, due to the complexity of managing more interacting agents that face dynamic changes, with
the aim of decreasing costs and achieving higher utilization of trucks. Besides ports and terminal logistics,
routing decisions are even more crucial for reducing food waste and ensuring product safety in the fresh
food transportation. Thereby, it is not surprising that ML is extensively applied in this sector as well,
for example for maintaining low-temperature environments. For the application of ML to fresh food
transportation, the reader is referred to Konovalenko et al. (2021) and Lim et al. (2022).

Finally, the third goal refers to the improvement of the environmental sustainability of transports,
which can be reached by means of supervised and unsupervised ML approaches (e.g., Hao et al. (2018),
El Khalili et al. (2022), Mohanty et al. (2018) and Arunmozhi et al. (2022)), but there is a notable
extensive use of RL, especially for location problems (e.g., Leng et al. (2023), Zou et al. (2022)). In
summary, since transports take place in increasingly dynamic and complex environments, real-time data
and RL approaches are proving to be of great support, especially in solving routing problems while
adapting to dynamic conditions such as weather and traffic. In particular, the sectors that have been the
most extensively investigated due to their complexity in management are port logistics and fresh food
transportation.

Table 5 summarizes the main areas of application of ML in the transportation literature.

4.5. RETURN process

Research on ML applied to sustainable supply chains with return flows has been ongoing since 2018. A
longstanding issue, recycling, was addressed by Hao et al. (2018) paving the way for other researchers
to incorporate it into all areas of logistics. The uncertainty and non-linearity of the problem compelled
researchers to apply advanced optimization techniques to using ANN. Recycling, naturally, remains a
focal point for researchers today as it offers a holistic view of the supply chain (Ashtab & Tosarkani,
2023), where LR also finds application.

Predicting product returns is crucial for the smooth operation of a business or industry, as returns
can sometimes reach up to 30% of products. In the related literature, the study by Cui et al. (2020)
consists an attempt to apply this whereby RF and Gradient Boosting techniques are referred to. It has
also been performed to deal with the complexity in an industry where there is a rapid withdrawal of
goods, specifically the clothing retail sector, by Tüylü & Eroğlu (2019) using DT, ANNs and SVR.

5. Conclusions

The applications of ML in SCM are continuously evolving, offering immense potential for enhancing
efficiency and competitiveness. We have conducted an SLR to identify the papers dealing with SCM
issues and using ML techniques. A total of 415 papers have been deeply reviewed and our statistical
analysis of these papers has shown a considerable expansion of the number of publications from 2019.
The analysis has revealed that supervised learning is the most used category of ML techniques within the
literature with a clear increase in the applications of the RL methods since 2019. We have identified eight
research areas in SCM, that we have classified into five processes as defined by the SCOR model, where
ML has been applied. Moreover, we have shown that demand forecasting is the area that has attracted
most of the ML applications followed by inventory management and transportation. Note that RL is par-
ticularly well used in these two latter areas, which is explained by the fact that they involve typical short-
term decisions that require frequent and fast decision-making, which can be obtained with RL algorithms.
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TABLE 5. ML applications in transportation

SC application ML method Reference

Forecasting travel time DT (gradient boosting
partitioned regression tree
(GBPRT))

Chen et al. (2021)

RF, Gradient Boosting
Regression Tree (GBRT)

Li et al. (2019)

Forecasting traffic flow DT (GBPRT) Moscoso-López et al. (2019)
Forecasting transportation price DT (GBPRT) Budak et al. (2017)
Explanatory variables of traffic RF Merchan et al. (2020)

RF, GBRT Chandra et al. (2022)
Trailer loading cerca Jung & Yang (2023)
Minimizing transportation costs cerca Xiang et al. (2023)
Routing decision RL Zhao & Liang (2023), Van

Steenbergen et al. (2023),
Irannezhad et al. (2020), Basso
et al. (2022)

ANN Becker et al. (2016)
Forecasting and control of
temperature in cold supply chains

ANN Konovalenko et al. (2021)

ELM Lim et al. (2022)
Forecasting the number of
end-of-life vehicles

ANN Hao et al. (2018)

Air quality improvement ANN El Khalili et al. (2022)
Carbon emissions reduction Kohonen self-organizing

map (KSOM)
Mohanty et al. (2018)

Sustainability of autonomous
vehicle SC

SVM, K-means Arunmozhi et al. (2022)

Low-carbon SC design RL Leng et al. (2023), Zou et al.
(2022)

We have noticed that exploring ML tools has become a common practice in recent research studies,
given their ability to accurately handle supply chain research questions that typically involve large-scale
problems and complex data such as in production (multi-stage systems) and procurement (multiple
suppliers) or the high size of the decision problem such as in inventory management (multiple states
due to the stochasticity and dynamic nature). Note also that the positive trend in the use of ML in SCM
is naturally explained by the recent progress in algorithmic, computational capability of computers and
data technologies.

While the application of ML in the SCM research has shown significant promise and yielded
numerous benefits, several research gaps are yet to be addressed. These gaps present opportunities for
future investigation and innovation in this dynamic field. The first gap relates to the use of RL in the
literature. Indeed, RL has been mostly used in the inventory control and transportation literature and
its use is constantly increasing over the years. Within this ML category, the Q-learning algorithm is the
most popular algorithm. However, more work should be done in other applications, especially in demand
forecasting, to benefit from its learning power, which can lead to a high performance. Moreover, it is
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worth noting that the high performance of RL in the literature has been shown through relatively simple
SC cases due to the lack of available data of real systems where even more complex structures and huge
size exist. Making the data of such contexts available by managers would lead to higher performance
and offer a substantial opportunity of big value for companies.

With regard to transportation, although we have cited papers that cover ML and the use of all the
means of transport separately, there is a gap in the studies that regard combinations of means of transport.
Bridging this gap would be fruitful for transportation researchers and practitioners because multimodal
transport is nowadays ubiquitous in many transportation companies due to their business expansion.
In fact, under such context, ML can be used not only as a predictive tool that includes several factors
impacting the multimodal transportation, but also as an optimization tool that deals with the complexity
in finding near optimal solutions when different modes are considered.

The literature that deals with maintenance management is found to rely on well-established ML
approaches such as RF, DT and ANN. While these methods can be effective, we find it judicious to
investigate the scope yield by alternative peer models. Indeed, maintenance challenges may vary widely
due to the variable complexity of equipments and operational constraints. As such, adapted ML models to
effectively address specific challenges reveals appropriate. In this vein, sophisticated deep NNs, and most
notably, recurrent and convolutional NNs represent effective candidate models to analyze complex time-
series data that are retrieved from sensors and equipments. Moreover, we have noticed that the literature
dealing with CBM and TPM exploring ML techniques is restricted compared to other maintenance tasks
addressed by ML in SCM. In addition, the ML literature mainly rely on traditional ML techniques and,
therefore, more specific and advanced architectures need to be developed to enhance the performance of
the models and make them more applicable in real-world scenarios.

It is worth pointing out that despite the huge literature dealing with closed loop supply chains and
returns, where several methods have been used to simulate or optimize the performance of the considered
systems, very few have used ML. This gap in the literature constitutes an important avenue for further
research, especially that ML can deal with the complexity induced by the co-existence of both forward
and return flows in supply chains.

Note also that given the continuous progress in ML architectures, a rapid proliferation of models
is encountered. Here, it should be pointed out that this proliferation yields a challenge by obscuring
the most suitable ML approaches for specific SCM application. Thereby, there exists a crucial need to
develop a comprehensive interpretive tool that would illustrate the most appropriate ML methods based
on the specific features and their associated value ranges within a given SCM scenario. This tool would
empower decision-makers and researchers to identify the most favourable ML approaches and hence,
allows more effective data-driven strategies in the realm of SCM.

Finally, AI has seen a considerable advancement over the last years and it has become much broader
than the common ML techniques discussed in this paper. New tools, including GAI techniques such
as generative adversarial networks (GANs) and transformers along with applications like Chat-GPT,
GitHub Copilot, DALL-E, etc. have been developed. These tools are particularly useful for generating
scenarios in cases of insufficient data or for generating possible future scenarios, which are common
problems for example in demand forecasting. An interesting avenue for further research would be to
analyze the application of these advanced AI tools in the SCM literature.
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Appendix. List of acronyms

AI: artificial intelligence; ANFIS: adaptive neuro-fuzzy inference system; ANN: artificial neural
networks; AUSVM: adaptive univariate support vector machine; CBM: condition based maintenance;
DEA: data envelopment analysis; DL: deep learning; DPFNN: double parallel feedforward network;
DT: decision tree; DTR: decision tree regression; GA: genetic algorithm; GBT: gradient boosting trees;
GRNN: general regression neural network; KNN: K-nearest neighbors; LR: logistic regression; LSR:
least square regression; ML: machine learning; MR: multiplicative regression; NN: neural network;
PCR: principal component regression; PLSR: partial least squares regression; RF: random forest; RT:
regression tree; RUL: remaining useful life; SCM: supply chain management; SR: semilogarithmic
regression; SVM: support vector machine; SVR: support vector regressor.
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