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ABSTRACT
Due to pressing challenges such as high market volatility, complex global logistics, geopolitical
turmoil and environmental sustainability, compounded by radical events such as the COVID-19 pan-
demic, the complexity of supply chain management has reached unprecedented levels. Together
with increasing data availability and computing power, machine learning algorithms can help to
address these challenges. In particular, unsupervised learning can be invaluable in extracting new
knowledge from unstructured, unlabelled data. This article systematically reviews the current state
of research on unsupervised learning techniques in supply chain management. We propose a clas-
sification framework that categorises the literature sample based on supply chain drivers, sectors,
data sources, and UL algorithms, and reveal the following insights. The most common applications
are information processing and typical operations research optimisation problems such as loca-
tion planning and vehicle routing. From an algorithmic perspective, clustering and other traditional
unsupervised learning techniques dominate recent approaches, owing their popularity to algorith-
mic simplicity, robustness and accessibility. More advanced and generative techniques have been
slow to gain acceptance. In contrast to other machine learning paradigms, unsupervised learning
mainly plays a supporting role. The large number of publications using real-world data confirms the
importance and maturity of unsupervised learning in supply chain management.

Abbreviations: ARM: Association rule mining; AE: Autoencoder; BIRCH: Balanced iterative reduc-
ing and clustering hierarchies; DBSCAN: Density-based clustering for applications with noise; FA:
Factor analysis; GAN: Generative adversarial network; ML: Machine learning; ISIC: International Stan-
dard Industrial Classification; OR: Operations research; PCA: Principal component analysis; SOM:
Self-organising map; SICE: Sparse inverse covariance estimation; SCM: Supply chain management;
UL: Unsupervised learning
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1. Introduction

The intricacies of modern supply chain management
(SCM) have reached unprecedented levels, amplified by
burning challenges such as market volatility, the com-
plexities of global logistics, geopolitical turmoils, and the
urgent demands of environmental sustainability. These
complexities are further compounded in the wake of the
COVID-19 pandemic, which has highlighted the criti-
cal need for agility, flexibility, and resilience in supply
chain operations (Ivanov 2020; Jackson and Ivanov 2023).
To navigate these multifaceted challenges, the deploy-
ment of machine learning (ML) technologies in SCM
has emerged as a strategic imperative, offering the poten-
tial to transform operations through enhanced decision-
making, operational visibility, and strategic insight
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(Cannas et al. 2023; Fosso Wamba et al. 2022; Helo and
Hao 2022; McKinsey 2021, 2024; Zeba et al. 2020).

ML, and particularly Unsupervised Learning (UL),
represents a paradigm shift in the approach to data
analysis in SCM. Unlike traditional methods, UL algo-
rithms decipher patterns and insights from unlabelled
data, mirroring the learning mechanisms of humans
to generate innovative solutions and predictions with-
out explicit instruction (Hastie et al. 2009). This abil-
ity to autonomously identify complex patterns and
relationships within data sets makes UL a powerful
tool for enhancing supply chain resilience (Cavalcante
et al. 2019), efficiency (Raisch and Krakowski 2021),
and sustainability (Rai et al. 2021). The relevance of ML
in SCM is further underscored by its pivotal role in
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addressing the challenges of the fourth industrial revo-
lution, which blurs the boundaries between the physical
and digital realms (Ivanov et al. 2021; Mithas et al. 2022).
The integration of ML into supply chain operations
facilitates the transition towards smart, data-driven sys-
tems, enhancing productivity, and providing greater
transparency across the entire supply chain (Ben-Daya,
Hassini, and Bahroun 2019; Papadopoulos et al. 2022;
Sharma et al. 2022; Spring, Faulconbridge, and Sar-
war 2022). Given the transformative potential of ML in
SCM, this article conducts a comprehensive review of the
existing literature, focussing specifically on UL applica-
tions within this field. This review is timely and crucial,
considering the rapid pace at which ML technologies
are evolving and their increasing adoption across vari-
ous sectors of the economy (Dubey et al. 2020; Kinkel
et al. 2023; N. Agrawal et al. 2024; Pournader et al. 2021).
Moreover, it is the first review article that gives a general
and comprehensive overview of UL applications in SCM
without a biased focus on specific UL algorithms or SCM
areas (see Section 3). To structure our review process and
contribute to the literature, we address the following open
research questions:

(1) What are the main applications of unsupervised
learning in supply chain management?

(2) What are the primary unsupervised learning algo-
rithms employed in SCM?

(3) How prevalent is the use of unsupervised learning
techniques in addressing industry-scale problems?

We develop a classification framework with four
dimensions, where each dimension provides evidence
to answer the research questions. The literature sam-
ple consists of 168 articles that examine the integration
of UL algorithms in SCM. The primary classification
framework used in our review evaluates applications,
UL algorithms, data sources and sectors. It is central to
our analysis, as it allows for a nuanced understanding
of how UL techniques can be applied to different facets
of SCM. By categorising the literature sample according
to logistical drivers (including Facilities, Inventory and
Transportation) and cross-functional drivers (including
Pricing, Information and Sourcing), we provide a compre-
hensive overview of how UL technologies can influence
different tasks in SCM. Moreover, our review delves into
the specific UL algorithms and techniques utilised in the
studies, including anomaly detection (Steinwart, Hush,
and Scovel 2005), association rule mining (ARM) (Zaki
and Meira, Jr 2020), clustering (Zhong and Ghosh 2003),
density estimation (Sammut and Webb 2017), dimen-
sionality reduction (Van Der Maaten, Postma, and van

den Herik 2009), and generative models (Fosso Wamba
et al. 2023; Jackson et al. 2024).

Our work is tailored for a diverse audience comprising
researchers, practitioners, and policymakers. Researchers
will find a comprehensive synthesis of existing litera-
ture on UL applications in SCM, identifying gaps and
proposing future research directions. Practitioners will
gain practical insights into the implementation of UL
techniques to enhance operational efficiency, predict dis-
ruptions, and improve decision-making processes. On
the other hand, policymakers can utilise the findings to
inform the development of regulations and standards
that promote the adoption of advanced ML technologies,
ensuring that supply chains are robust and adaptable to
future challenges.

The remainder of this article is organised as follows.
Section 2 presents the review methodology. In Section 3,
we highlight the need for this review by analysing existing
reviews. The main outcome of this review is the classifi-
cation framework of supply chain drivers, UL algorithms,
data sources and sectors presented in Section 4. Based
on the framework, we discuss the research questions in
Section 5 and provide managerial insights in Section 6.
Finally, we draw a conclusion in Section 7.

2. Review methodology

Our review methodology is based on the Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) which is a set of guidelines and a
checklist designed to improve the transparency and qual-
ity of reporting in systematic reviews (Page et al. 2021).
Since it was designed for healthcare interventions, not
all reporting items are applicable to production research.
However, the updated PRISMA 2020 statement received
about 10% of its more than 25,000 citations, as indexed in
Scopus, from disciplines relevant to production research
(e.g. Engineering, Computer Science and Decision Sci-
ences). Especially some general elements are relevant to
systematic reviews in other disciplines as well, includ-
ing the statement of rationale, objectives, eligibility cri-
teria, information sources, search strategy and selection
process.

The scope of this review encompasses articles that
apply UL techniques within the SCM context. While UL
algorithms have a relatively straightforward definition,
SCM encompasses a variety of processes. The term SCM
is defined for the purposes of this review as the com-
prehensive process of designing, planning, executing, con-
trolling, and monitoring supply chain activities. A supply
chain encompasses the network of organisations, peo-
ple, activities, information, and resources involved in the
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production and delivery of goods or services from suppli-
ers to customers. Articles are considered relevant if they
align with this definition and meet the following formal
eligibility criteria:

(1) Published in a peer-reviewed journal.
(2) Status as completed and published works (excluding

preprints).
(3) Written in English.

The scientific databases Scopus and Web of Science
served as the primary information sources for this review.
Searches in these databases, conducted on October 6,
2023, utilised consistent search terms and filters to com-
ply with the formal eligibility criteria. The search terms
cover all possible combinations of supply chain synonyms
and UL techniques (see Table 1). The preselection of tech-
niques is based on a prior unstructured review of com-
mon UL taxonomies. Following PRISMA 2020 guide-
lines, our selection process entailed a two-stage approach:
screening based on titles and abstracts, followed by full-
text screening (see Figure 1). The initial search yielded
1286 results in Scopus and 1,009 in Web of Science. After
exporting these results and matching them by DOI and
title, we removed duplicates which have been identified
automatically through a custom Python tool and an addi-
tional manual check. Afterwards, we matched each article
with the SCImago Journal Rank Indicator (SJR) of its
journal in the corresponding publication year and filtered
the top 500 documents. Although the eligibility criteria
were already limited to peer-reviewed journal articles,
a further restriction to high-quality journals was neces-
sary because the literature sample was still too extensive
for reviewing. This procedure resulted in 503 documents
to be screened because several documents had the same
SJR. The title and abstract screening process involved two
researchers who made independent assessments of the-
matic relevance. Documents with differing initial assess-
ments were discussed in subsequent meetings to reach
a consensus. Full-text retrieval led to the exclusion of
documents that, despite relevant abstracts, did not ade-
quately address UL or SCM. Most of the exclusions can
be attributed to the search terms ‘data mining’ and ‘value
chain’ or ‘value network’, as their meaning in the litera-
ture is ambiguous. Data mining is either a synonym for
UL or a generic term for various information processing
activities such as metaheuristics, regression, classification
or web scraping, which do not belong to the field of UL.
Similarly, value chain is a synonym for supply chain or is
used in different contexts such as agricultural research.

After screening the full texts, the final literature sample
comprises 168 high-quality articles which we classify in a

Table 1. Search string used in Scopus and Web of Science to
identify articles.

Term Search string

Supply chain (‘supply chain’ OR ‘supply network’ OR ‘value
chain’ OR ‘value network’) AND

Unsupervised learning (‘unsupervised learning’ OR ‘data mining’ OR
Anomaly, outlier &

novelty detection
‘anomaly detection’ OR ‘novelty detection’ OR

‘outlier detection’ OR
Association rule mining ‘association rule’ OR
Clustering ‘clustering’ OR
Density estimation ‘density estimation’ OR
Dimensionality

reduction & feature
extraction

‘dimension∗ reduction’ OR ‘manifold learning’ OR
‘feature detection’ OR ‘feature extraction’ OR

Generative methods ‘recommender system’ OR ‘topic model∗ ’
‘generative adversarial network’ OR ‘deep belief
network’ OR ‘Boltzmann machine’ OR
‘autoencoder’)

four-dimensional classification framework. The dimen-
sions supply chain drivers and UL algorithms provide
evidence for the first and second research questions. The
remaining dimensions, data sources and sector, support
the third research question.

3. Related review articles

We first discuss the review articles identified in the search
process to present their contributions to the research field
and underline the need for our review. The search pro-
cess yielded 12 relevant reviews that are related to our
work. Six articles were excluded beforehand because they
have a fundamentally different scope. They often focus on
artificial intelligence, ML or data-driven methods in gen-
eral instead of UL in particular, do not review the applied
algorithms in detail, and some include mainly applica-
tions outside the field of SCM. The remaining twelve
articles are conceptually closer to our work. Bodendorf,
Merkl, and Franke (2021) reviews ML-based cost esti-
mation techniques in SCM, focussing on the automotive
sector and mostly supervised learning techniques, but
includes non-linear dimensionality reduction techniques
not covered in our article. A. M. Pereira et al. (2022)
give an overview of artificial intelligence-based customer
modelling in the fashion industry, which can be an inter-
esting addition to our article for readers interested in
recommender systems, as these are underrepresented in
our work. Tao, Yang, and Feng (2020) concentrate on
text mining methods in the food industry, another area
scarcely covered by our review. Brusco et al. (2017) covers
two traditional clustering techniques and gives procedu-
ral recommendations for OM practitioners, while Brusco
et al. (2012) reviews emergent clustering techniques for
empirical OR. Both articles have a small intersection with
our work regarding the covered UL methods and do not
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Figure 1. Literature selection process based on the PRISMA flow diagram.

cover SCM applications explicitly, but are a valuable addi-
tion to our work for readers interested in clustering for
OM applications in more detail. Other readers may find
Diez-Olivan et al. (2019) interesting for a more exten-
sive treatment of anomaly detection in machinery, Ren
et al. (2023) or L. Zhou et al. (2019) for an overview
of deep learning methods in time series analysis or the
food industry, respectively, Tsolaki et al. (2023) for ML
methods including clustering and anomaly detection in
transportation, or Weese et al. (2016) for a review of
multivariate statistical methods for process monitoring.
Finally, T. Nguyen et al. (2018) reviews the literature on
big data analytics in SCM, but does not cover the few UL
methods included in detail, and Raza, Govindaluri, and
Bhutta (2023) cover ML applications in SCM but focus
on a bibliometric analysis to portray the evolution of
the literature over time and to identify the most relevant
authors and journals. Table 2 provides a brief overview
of these reviews and the UL and supply chain categories
they cover. In conclusion, there is no recent review arti-
cle that provides a comprehensive and detailed overview
of a wide variety of UL algorithms and their applications
in different areas of SCM. The analysis of the citation
network supports this finding (see Appendix 1). Conse-
quently, our work is timely and expedient to answer the
open research questions identified in Section 1.

4. Classification framework

In this section, we classify the articles in the literature
sample by applications, UL algorithms, data sources and
sectors. The four dimensions of the resulting classifi-
cation framework provide evidence for discussing the
research questions. The first subsection evaluates appli-
cations and planning tasks by utilising the Supply Chain
Driver Framework by Chopra (2019). In Section 4.2 we
investigate the UL algorithms and evaluation metrics
used to derive the value of UL for SCM. Finally, to
assess the industrial maturity of UL, we examine the data
sources used for training (see Section 4.3) and the sectors
targeted by the case studies based on the International
Standard Industrial Classification (ISIC) maintained by
the United Nations (UN 2008) (see Appendix 3). Where
articles belong to different classes within a dimension, the
classification framework allows for multiple assignments.

4.1. Supply chain drivers

Decision-making within any supply chain has become
increasingly challenging due to the complex interde-
pendencies and ever-changing market environments
characterised by uncertainty and limited information.
Striking the right balance between responsiveness and
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Table 2. Overview of and differentiation from related review articles.

Review Unsupervised learning Supply chain management Sector

Bodendorf, Merkl, and
Franke (2021)

Dimensionality reduction & feature extraction (correlation analysis,
PCA, kernel PCA)

Information (Forecasting) Automotive

Brusco et al. (2017) Clustering (k-means, agglomerative hierarchical clustering) – –
Brusco et al. (2012) Clustering (emergent techniques) – –
Diez-Olivan et al. (2019) Dimensionality reduction & feature extraction; clustering; anomaly

detection
Information General

T. Nguyen et al. (2018) Clustering (k-means); association rule mining General General
A. M. Pereira et al. (2022) Dimensionality reduction & feature extraction (word2vec); generative

methods (recommender systems)
Information Fashion

Raza, Govindaluri, and
Bhutta (2023)

– General General

Ren et al. (2023) Dimensionality reduction & feature extraction (autoencoder);
generative methods

Information General

Tao, Yang, and Feng (2020) Clustering Information Food
Tsolaki et al. (2023) Clustering; anomaly detection Transportation General
Weese et al. (2016) Dimensionality reduction; clustering; anomaly detection Information (process monitoring) General
C. Zhou et al. (2004) Dimensionality reduction & feature extraction (autoencoder) Information Food
This article Anomaly detection; association rule mining; clustering; density

estimation; dimensionality reduction & feature extraction;
generative methods

Facilities; Information; Inventory;
Pricing; Sourcing; Transportation

General

efficiency, in line with business strategy and market con-
text, remains a significant challenge. Chopra (2019) iden-
tified three logistical and three cross-functional drivers
that supply chain managers must consider to achieve
strategic fit. The logistical drivers include Facilities,
Inventory, and Transportation, which are critical for the
effective production, storage, and movement of goods.
The cross-functional drivers, Sourcing, Pricing, and Infor-
mation, are essential considerations in every supply chain
activity. Each driver encompasses various typical plan-
ning tasks and optimisation problems that have different
planning horizons (see Figure 2).

Decisions made at higher levels influence and guide
those at lower levels. At the strategic level, a company
formulates a long-term plan and makes key decisions
regarding its supply chain strategy. Lower levels involve
detailed planning, constrained by the strategic decisions
already made. Fleischmann, Meyr, and Wagner (2008)
refer to this as hierarchical planning. Typically, the supply
chain planning process starts by determining the loca-
tions and layouts of facilities, then configuring material
and information flow relationships based on the current
portfolio of facilities, suppliers, customers, and products.
Finally, it addresses resulting inventory management and
vehicle routing issues. While logistical drivers have spe-
cific planning horizons, cross-functional drivers support
functions across all levels. The hierarchical dependency
of the planning horizons makes the transition between
all drivers and tasks nuanced, resulting in articles that
may not fit clearly into single categories. For example,
there are articles that address the entire planning pro-
cess, including location planning, network design and
inventory management. The following subsections pro-
vide clear definitions of each driver and highlight articles
of particular interest (see Tables 3 and 4).

4.1.1. Facilities
Facilities refer to the physical spaces and infrastructure
that form the backbone of supply chain processes such
as production, storage and distribution (Chopra 2019).
Common types of facilities found in any supply chain
include plants, warehouses and distribution centres. Typ-
ical facility decisions include where to locate the facility
and how to place equipment within the facility for effi-
cient production and material handling. Facilities deci-
sions are typically strategic decisions that can have a
significant impact on the performance and capabilities
of the supply chain because of their high investments.
These tasks are typically performed at the beginning of
the hierarchical planning process and are highly interde-
pendent with tactical network design decisions. The tasks
are defined as follows.

Location planning is the strategic process of determin-
ing the best locations for facilities or activities. The sim-
plest setting in a mathematical model considers a discrete
set of potential locations and represents these as binary
decision variables to decide whether or not to open a
facility. This setting is the most common in the litera-
ture sample and is often integrated with other tasks such
as network design, vehicle routing or inventory manage-
ment (e.g. Guan, Mou, and Sun 2022; Gumte et al. 2021;
Nanayakkara et al. 2022). A common approach to loca-
tion planning is the centre of gravity method, which
considers the relative weights at different existing loca-
tions (e.g. demand points) to identify a central point that
minimises overall transport costs or distances. Similar
approaches are used, for example, to locate distribution
centres (J. Liu et al. 2022), biomass collection points
(Ayoub et al. 2007) or parcel delivery satellites (Ramírez-
Villamil et al. 2023). The calculation of the centre of
gravity is usually based on clustering. Special cases in
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Figure 2. The matrix-like representation maps supply chain drivers and tasks to two dimensions: planning horizon and function.
Coloured boxes indicate supply chain drivers and grey boxes represent common tasks within each driver. The logistical drivers use a
hierarchical planning approach, starting with strategic facility decisions, through tactical network design decisions, to operational trans-
portation and inventory decisions. The cross-functional drivers support decision-making throughout the hierarchical planning process.

Table 3. Classification of articles by logistical supply chain drivers.

Category References

Facilities
Layout planning Antomarioni et al. (2021), Ozgormus and Smith (2020), and Tayal, Solanki, and Singh (2020)
Location planning Fallah et al. (2023), Ramírez-Villamil et al. (2023), Bait, Marino Lauria, and Schiraldi (2022), Diaz et al. (2022), Guan, Mou, and

Sun (2022), J. Liu et al. (2022), Nanayakkara et al. (2022), Yeo et al. (2022), Aloui, Hamani, and Delahoche (2021), Gumte
et al. (2021), Souto et al. (2021), Mohseni and Saman Pishvaee (2020), T. V. Nguyen et al. (2020), Shahbazbegian,
Hosseini-Motlagh, and Haeri (2020), Tippayawong et al. (2020), Sultan and Mativenga (2019), Y. Wang, Assogba,
et al. (2018), Khatami, Mahootchi, and Farahani (2015), Mokhtarinejad et al. (2015), and Ayoub et al. (2007)

Transportation
Network design Fallah et al. (2023), Kochakkashani, Kayvanfar, and Haji (2023), Diaz et al. (2022), Ge, Jin, and Ren (2022), Guan, Mou, and

Sun (2022), J. Liu et al. (2022), Nanayakkara et al. (2022), Yeo et al. (2022), Aloui, Hamani, and Delahoche (2021), Gumte
et al. (2021), Sabouhi, Saeed Jabalameli, and Jabbarzadeh (2021), Souto et al. (2021), Flores and Villalobos (2020), Mohseni
and Saman Pishvaee (2020), T. V. Nguyen et al. (2020), Shahbazbegian, Hosseini-Motlagh, and Haeri (2020), Yang, Jiang, and
You (2020), Tippayawong et al. (2020), Sultan and Mativenga (2019), Y. Wang, Assogba, et al. (2018), Chattopadhyay,
Sengupta, and Sahay (2016), Daie and Li (2016a), Khatami, Mahootchi, and Farahani (2015), and Yin, Khoo, and Tng
Chong (2013)

Vehicle routing Köseli et al. (2023), Ramírez-Villamil et al. (2023), Y. Wang et al. (2023), Abdirad, Krishnan, and Gupta (2022), R.-A. Lin and
Ma (2022), Menchaca-Méndez et al. (2022), Yeo et al. (2022), Aloui, Hamani, and Delahoche (2021), Dadouchi and
Agard (2021), Özener and Ekici (2018), Y. Wang, Zhang, et al. (2018), Govindan et al. (2017); Y. Wang, Assogba, et al. (2018), Y.
Wang et al. (2017), Nambirajan et al. (2016), and Y. Wang et al. (2014)

Inventory
Multi-echelon global inventory

management
Fallah et al. (2023), Garcia-Castro et al. (2023), Kochakkashani, Kayvanfar, and Haji (2023), Diaz et al. (2022), Garcia-Castro

et al. (2022), Ge, Jin, and Ren (2022), Guan, Mou, and Sun (2022), J. Liu et al. (2022), Nanayakkara et al. (2022), Aloui, Hamani,
and Delahoche (2021), Gumte et al. (2021), M. M. Pereira and Frazzon (2021), Sabouhi, Saeed Jabalameli, and
Jabbarzadeh (2021), Souto et al. (2021), Flores and Villalobos (2020), Mohseni and Saman Pishvaee (2020), Shahbazbegian,
Hosseini-Motlagh, and Haeri (2020), Yang, Jiang, and You (2020), Jabbarzadeh, Fahimnia, and Sabouhi (2018), Govindan
et al. (2017), C. K. H. Lee (2017), and Khatami, Mahootchi, and Farahani (2015)

Single-echelon
procurement-centric
inventory management

Y. Liu et al. (2023), Birisci and McGarvey (2022), and Nambirajan et al. (2016)

Single-echelon
distribution-centric
inventory management

Köseli et al. (2023)

Policy configuration Kania et al. (2023) and Trapero, Cardós, and Kourentzes (2019a, 2019b)
Supply chain scheduling Mokhtarinejad et al. (2015) and Bhattacharya et al. (2014)
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Table 4. Classification of articles by cross-functional supply chain drivers.

Category References

Sourcing
Supplier selection Fallah et al. (2023), Y. Liu et al. (2023), Mavi et al. (2023), Xu et al. (2023), Coşkun, Kumru, and Maya Kan (2022), Kappelman and

Sinha (2021), Tu et al. (2021), Kara, Fırat, and Ghadge (2020), Jabbarzadeh, Fahimnia, and Sabouhi (2018), Maghsoodi
et al. (2018), Govindan et al. (2017), C. Bai, Dhavale, and Sarkis (2016), Akman (2015), Chang et al. (2014), Jain et al. (2014), Y.
Li, Liu, and Chen (2012), K. Zhao and Yu (2011), and Ha and Krishnan (2008)

Collaboration & negotiation Y. Wang et al. (2023), Teng et al. (2022), Aloui, Hamani, and Delahoche (2021), J. Li et al. (2018), Y. Wang, Zhang, et al. (2018),
and Y. Wang et al. (2017)

Pricing
Pricing & financing Qiu, Ma, and Sun (2023), Guan, Mou, and Sun (2022), and Leung et al. (2019)
Market segmentation Kharlamov, Ferreira, and Godsell (2020), S.-C. Wang, Tsai, and Ciou (2020), C. Bai et al. (2018), Daie and Li (2016b), J. Liu

et al. (2016), Bask et al. (2013), Xiao, Zhang, and Kaku (2011), Liao, Chen, and Wu (2008), Liao, Hsieh, and Huang (2008), and
Yu and Wang (2008)

Information
Multivariate analysis C. Bai, Sarkis, and Ibrahim (2023), Ng, Ho, and Wu (2023), Birisci and McGarvey (2022), Luthra et al. (2022), S. Wang, Wang, and

Chen (2022), Chen et al. (2021), Dutta et al. (2021), Jiang et al. (2021), Kappelman and Sinha (2021), Rajesh (2021), Kara, Fırat,
and Ghadge (2020), M. Li, Wu, et al. (2020), Susanty, Tjahjono, and Sulistyani (2020), Maganha, Silva, and Ferreira (2019), H.
Wang, Lu, et al. (2018), Shou et al. (2018), Ruth et al. (2018), Govindan et al. (2017), Park and Kremer (2017), Yoo et al. (2017),
Jain et al. (2014), Pozo et al. (2012), Johnson and McGinnis (2010), Riviére and Marlair (2010), and Lau et al. (2009)

Forecasting Garcia-Castro et al. (2023), Grzegorowski et al. (2023), Kumar et al. (2023), Y. Liu et al. (2023), Mitra, Saha, and Tiwari (2023),
Spieske et al. (2023), Ding et al. (2022), Garcia-Castro et al. (2022), R.-A. Lin and Ma (2022), J. Liu et al. (2022), Peppel,
Ringbeck, and Spinler (2022), Chen et al. (2021), H. D. Nguyen et al. (2021), Nikolopoulos et al. (2021), M. M. Pereira and
Frazzon (2021), Wu et al. (2021), Ren et al. (2020), Shiau (2020), Wehrle et al. (2020), Trapero, Cardós, and
Kourentzes (2019a), Trapero, Cardós, and Kourentzes (2019b), Murray, Agard, and Barajas (2018), Roßmann et al. (2018), Y.
Wang, Assogba, et al. (2018), C. K. H. Lee (2017), Hirschinger et al. (2015), Scarpel (2015), Rodger (2014), Shukla, Naim, and
Thornhill (2012), Sheu (2010), and Thomassey (2010)

Information system design Deng et al. (2023), Ng, Ho, and Wu (2023), H. Lin, Lin, and Wang (2022), Bakhtadze and Suleykin (2021), Dadouchi and
Agard (2021), Jianjia et al. (2021), and Capelleveen et al. (2021)

Prevalence & performance
assessment

Qin et al. (2023), Dalalah et al. (2022), Luthra et al. (2022), Dutta et al. (2021), Abdella et al. (2020), Gao et al. (2020), Susanty,
Tjahjono, and Sulistyani (2020), X. Wang et al. (2020), Zhai et al. (2020), Kucukvar et al. (2019), Maganha, Silva, and
Ferreira (2019), Park and Kremer (2017), Xie, Zang, and Qi (2016), Vinodh, Prakash, and Selvan (2011), and Buttermann,
Germain, and Iyer (2008)

Supply network science Qin et al. (2023), S. Wang, Wang, and Chen (2022), Tsekeris (2021), Z. Li, Du, et al. (2020), Papagiannidis et al. (2018), H. Wang,
Lu, et al. (2018), Blackhurst et al. (2018), Tokito (2018), Nuss et al. (2016), Weiser et al. (2016), Joubert and Meintjes (2015),
and Kagawa, Suh, et al. (2013)

Tracking & identification X. Bai et al. (2023), Ganesh and Kalpana (2022), Y. Li, Wang, and Li (2021), Mehdi and Starly (2020), Ellis et al. (2018), Singh,
Shukla, and Mishra (2018), J. Wang and Yue (2017), Weiser et al. (2016), Melnyk et al. (2014), Ting et al. (2014), and
Masciari (2012)

this category are the article by Bait, Marino Lauria, and
Schiraldi (2022), which presents comprehensive guide-
lines for the selection of optimal locations in developing
countries, including a mathematical model, and the arti-
cle by Ayoub et al. (2007), which presents a planning tool
for biomass locations.

Layout planning is the process of designing and
arranging the physical layout of a facility, workspace or
area in an organised and efficient manner to achieve
specific objectives, such as optimising the use of avail-
able space, resources and infrastructure (Pérez-Gosende,
Mula, and Díaz-Madroñero 2021). It includes, for exam-
ple, the arrangement of machinery or the layout of stor-
age areas. Layout decisions are usually made during or
shortly after the facility location planning. We have iden-
tified three articles that apply UL in the context of layout
planning. Antomarioni et al. (2021) consider item alloca-
tion in an automated storage and retrieval system, Ozgor-
mus and Smith (2020) determine the block layout in
grocery stores and Tayal, Solanki, and Singh (2020) solve
a manufacturing layout problem based on sustainability
considerations.

4.1.2. Transportation
Transportation focuses on the efficient movement of
goods between different locations in the supply chain,
including suppliers, production facilities, distribution
facilities and customers. It enables the physical flow of
goods within the supply chain across different modes
and networks. Faster modes of transportation, such as
air freight, are more responsive but come at a higher
cost compared to slower alternatives, such as ocean or
ground transportation. At the same time, efficient trans-
port can lead to longer lead times but lower inventory
costs (Chopra 2019). Transportation is the only logisti-
cal supply chain driver that spans tactical and operational
decisions.

Network design considers the tactical, mid-term allo-
cation of given supply points to given demand points
to create edges in the supply chain, e.g. when allocating
plants to distribution centres or warehouses to markets.
Pure network design requires fixed supply and demand
points (otherwise it is additionally classified as Loca-
tion planning) and creates only a binary network with-
out weights (otherwise it is additionally classified as
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Inventory management). The definition of network
design is difficult, as it is the central angle in the plan-
ning hierarchy (see Figure 2). Almost no studies con-
sider pure network design, but combine it with sev-
eral other tasks such as Location planning, Inventory
management, Vehicle routing or Supplier selection. A
significant share of the articles deal with national or
regional hypothetical network design for specific regions,
especially for goods of national interest such as oil
(Sabouhi, Saeed Jabalameli, and Jabbarzadeh 2021; Yeo
et al. 2022), biodiesel (Gumte et al. 2021; Mohseni and
Saman Pishvaee 2020), solar energy (Shahbazbegian,
Hosseini-Motlagh, and Haeri 2020), hydrogen (Ge, Jin,
and Ren 2022; Yang, Jiang, and You 2020) or crops (Flores
and Villalobos 2020). Some articles include specialised
decision variables in addition to the standard allocation
problem, e.g. the selection of hydrogen production tech-
nologies (Ge, Jin, and Ren 2022), agricultural technolo-
gies (Flores and Villalobos 2020), waste re-refinery tech-
nologies (Yeo et al. 2022) or biomass materials (Tippaya-
wong et al. 2020). Another stream of research deals with
theoretical supply chain organisation problems with sup-
ply chain units and work orders based on the cell forma-
tion problem (Chattopadhyay, Sengupta, and Sahay 2016;
Daie and Li 2016a; Yin, Khoo, and Tng Chong 2013).

Vehicle routing is the process of determining the most
efficient way to deliver goods or services using a fleet
of vehicles so that all customer requirements are met
and global transportation costs are minimised (Toth
and Vigo 2002). All of the articles consider capaci-
tated vehicle routing problems. This well-studied con-
straint is particularly interesting in the context of UL
because it requires the assignment of customers to tours,
which is an apparent application of clustering. Some arti-
cles also consider additional constraints such as time
windows (R.-A. Lin and Ma 2022; Y. Wang, Assogba,
et al. 2018; Y. Wang et al. 2023), pick-ups and deliveries
(Dadouchi and Agard 2021; Köseli et al. 2023), process-
ing time limits (Özener and Ekici 2018) or workload
balancing (Menchaca-Méndez et al. 2022). Two articles
focus on dynamic approaches that can add stops dur-
ing vehicle operation to adjust product recommendations
(Dadouchi and Agard 2021) or make the model real-
time capable (Abdirad, Krishnan, and Gupta 2022). In
general, most of the identified articles deal with parcel
delivery scenarios, with only a few considering industrial
case studies (Aloui, Hamani, and Delahoche 2021; R.-A.
Lin and Ma 2022; Yeo et al. 2022). Three articles deal
with inventory routing problems, which combine inven-
tory management and vehicle routing by adding a pre-
production stage (Köseli et al. 2023) or replenishment
decisions (Nambirajan et al. 2016). Aloui, Hamani, and

Delahoche (2021) even consider an inventory-location-
routing problem by integrating location planning.

4.1.3. Inventory
Inventory refers to the physical goods available at differ-
ent stages of the supply chain, including raw materials,
work in progress and finished goods (Chopra 2019). It
acts as a buffer between supply and demand, covering
lead times and providing quick access to the materials
needed for continuous production. Inventory manage-
ment deals with the wide range of decisions related to
inventory and how to achieve beneficial trade-offs in sup-
ply chains. In particular, the decision of when and how
much to order is fundamental to most inventory man-
agement problems. A holistic view of inventory consid-
ers order quantities, transport quantities between nodes
and production quantities within a node’s production
system. Contemporary studies mainly consider adap-
tive approaches with flexible ordering and distribution
strategies depending on the current market environment.
Objectives primarily include the costs associated with the
acquisition, storage and management of physical goods
such as holding costs, ordering costs, stockout costs and
obsolescence costs.

Single-echelon distribution-centric inventory manage-
ment refers to a scenario where a single firm primarily
manages its distribution. The customers specify their
demands or desired service levels, which the firm must
fulfil by delivering the correct quantity on time. The
objective is usually to minimise costs at the focal firm
without aligning with the policies of other nodes. We
found only one article that considered a single-echelon
distribution-centric setting. Köseli et al. (2023) solve a
distribution problem of several bakeries.

Single-echelon procurement-centric inventory manage-
ment refers to a scenario in which a single firm primar-
ily manages its procurement. The focal firm orders raw
materials from one or more independent suppliers with-
out having information or control over the supplier’s
processes. The aim is to maintain sufficient inventory
for continuous production by placing orders with the
correct quantity at the correct time. We identified three
articles that considered a single-echelon procurement-
centric setting. Nambirajan et al. (2016) considered an
inventory-routing problem, whereas Y. Liu et al. (2023)
also considered supplier selection. For the case study of
Birisci and McGarvey (2022), the single-echelon perspec-
tive is sufficient because the supply chain is naturally
small due to the simple products in institutional food
service operations.

Multi-echelon global inventory management considers
environments where multiple entities strive to maximise
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overall supply chain performance. Such a scenario is typ-
ically found in supply chains with only internal nodes or
collaborating external nodes that exchange information
about their status (e.g. inventories, lead times, production
quantities or demand). However, there may be uncer-
tain supply and demand from stages outside the plan-
ning scope (e.g. end customers). Scenarios that fall into
this category are often hypothetical, as full information
sharing is rare in real supply chains due to proprietary
and sensitive data. Most articles consider internal indus-
trial supply networks with multiple nodes (e.g. Garcia-
Castro et al. 2023; M. M. Pereira and Frazzon 2021).
A significant number of articles optimise closed-loop
scenarios with forward and backward transport quan-
tities (Govindan et al. 2017; Khatami, Mahootchi, and
Farahani 2015; Nanayakkara et al. 2022; Shahbazbegian,
Hosseini-Motlagh, and Haeri 2020). Fallah et al. (2023)
consider a unique scenario of a nationwide disaster sup-
ply chain in Iran to quickly supply affected regions with
goods.

Policy configuration includes articles that use policy-
based approaches to inventory management. Most other
studies use decision variables that directly represent
quantities and order periods. This allows for adaptive
irregular ordering, but also increases the complexity of
the problem due to the larger number of decision vari-
ables. Articles that fall into this category use inven-
tory policy parameters as an indirect representation of
the decision variables. For example, the (R, S) policy
is based on two variables per node and product: the
review period R and the order-up-to-level S. All three
articles in this category use the (R, S) policy to generate
inventory plans (Kania et al. 2023; Trapero, Cardós, and
Kourentzes 2019a, 2019b).

Supply chain scheduling refers to scenarios involving
resources and jobs in a supply chain environment, similar
to production scheduling problems. Resources are typ-
ically facilities or transport systems that move between
facilities in the supply chain. Jobs are transport or pro-
duction orders. Compared to other inventory manage-
ment problems, the granularity is higher but the network
size is smaller. Instead of daily production and trans-
port quantities, these models determine detailed sched-
ules with precise start and end times for each operation.
They can also take into account additional restrictions
such as resource availability, batch sizes or sequence con-
straints. We identified two studies that address supply
chain scheduling problems. Bhattacharya et al. (2014)
deal with a rail and road transport system between ter-
minals and customers, while Mokhtarinejad et al. (2015)
schedule vehicles in a cross-docking distribution system
to minimise vehicle waiting times.

4.1.4. Sourcing
Sourcing is the process of identifying, evaluating and
selecting suppliers or vendors to provide goods or ser-
vices that an organisation needs to meet its operational
requirements (Chopra 2019). The goal of sourcing is
to find the most suitable suppliers who can deliver the
required products or services at the right quality, quan-
tity, price and within the specified timeframe. As a cross-
functional driver, sourcing supports the entire hierarchi-
cal planning process by coordinating and facilitating the
interactions between all supply chain entities. In contrast
to inventory management, the objective is not to deter-
mine order schedules, but to maintain mutually benefi-
cial relationships with suppliers to enable reliable pro-
curement. The objectives of sourcing are diverse: min-
imising cost, maximising quality and performance, and
promoting innovation and agility.

Supplier selection is the process of identifying and
selecting qualified suppliers who meet specific require-
ments. Common criteria include price, quality, sustain-
ability, reliability, financial stability and other capabili-
ties. The typical selection process starts with the iden-
tification of potential suppliers to be assessed against
basic pre-selection criteria (Jabbarzadeh, Fahimnia, and
Sabouhi 2018; Jain et al. 2014; Xu et al. 2023). Selec-
tion is often based on multi-criteria decision-making
(MCDM) techniques which are helpful in complex sit-
uations where multiple, often conflicting, criteria need
to be considered simultaneously. Most of the articles fol-
low this standard approach to supplier selection, but they
differ in the criteria considered. Many use traditional cri-
teria such as cost and quality, but some use only sustain-
ability criteria (Akman 2015; Coşkun, Kumru, and Maya
Kan 2022; Jabbarzadeh, Fahimnia, and Sabouhi 2018;
Mavi et al. 2023). Three articles present approaches to
quantify soft criteria such as values, culture, trust and
reputation (Chang et al. 2014; Xu et al. 2023; Y. Li, Liu,
and Chen 2012). A special case is the selection of logis-
tics service providers, which requires additional criteria
(Tu et al. 2021). Another stream of research focuses on
the decision of which supplier development programmes
to invest in Coşkun, Kumru, and Maya Kan (2022), C.
Bai, Dhavale, and Sarkis (2016), and Akman (2015).

Collaboration & negotiation includes all activities
related to collaboration, communication and negotiation
with external (e.g. suppliers and customers) and internal
stakeholders (e.g. managers and colleagues). Collabora-
tion is the cooperative effort of individuals or groups
to achieve a common goal or objective. This includes,
for example, working with suppliers and customers,
information sharing practices and collective risk mitiga-
tion. Negotiation is the process of communication and
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discussion between parties with different interests in
order to reach an agreement. Four articles quantify the
benefits of collaboration for vehicle routing in a parcel
delivery (Y. Wang et al. 2023, 2017; Y. Wang, Zhang,
et al. 2018) network and an agricultural network (Aloui,
Hamani, and Delahoche 2021). Two articles focus on
the interaction between human decision makers in an
organisation: J. Li et al. (2018) discovered implicit power
structures by analysing meetings and Teng et al. (2022)
proposed an approach for finding the best decision when
multiple decision-makers with different opinions and
trust relationships are involved.

4.1.5. Pricing
Pricing focuses primarily on setting the best price for
products or services to achieve specific business objec-
tives, such as maximising profit, market share, brand
image or customer satisfaction (Chopra 2019). The best
price depends on various factors such as production
costs, market demand, competition and perceived cus-
tomer value. Pricing is a critical element of supply chain
strategy, as it generates revenue for the business and also
influences customer demand. Key decisions include the
pricing technique (e.g. value-based pricing or dynamic
pricing), discounts, promotions and price communica-
tion. However, pricing is not only about pricing itself, but
also about supporting processes such as market segmen-
tation, marketing, sales planning, financing and product
portfolio design.

Pricing & financing involves the decision what price to
charge for which product, market, channel or customer.
It also includes financing decisions, which refers to the
process of raising funds or capital to support business
operations. We identified only three articles in this cat-
egory. Leung et al. (2019) set prices for products in a sce-
nario with stores and an e-commerce channel. Qiu, Ma,
and Sun (2023) developed a dynamic pricing decision
support system for e-commerce sales. Guan, Mou, and
Sun (2022) integrated financing decisions (trade credits,
payments to suppliers, bank loans and capital budgets)
into an inventory management problem.

Market segmentation is a pricing decision support
process that aims to divide a broad target market into
smaller, more manageable groups or segments based
on similar characteristics, preferences or behaviours.
The goal of segmentation is to better meet the needs
of different customer groups by tailoring prices, prod-
ucts, services, and marketing efforts to specific segments.
Common approaches include demographic segmenta-
tion, geographic segmentation, psychographic segmen-
tation and behavioural segmentation. Segmentation is a
typical application of clustering algorithms. One group
of articles segments customers based on purchasing

patterns (Liao, Chen, and Wu 2008; Liao, Hsieh, and
Huang 2008; S.-C. Wang, Tsai, and Ciou 2020), return
patterns (Yu and Wang 2008) or sustainability prefer-
ences (Bask et al. 2013). Another group of articles targets
products and segments them based on product char-
acteristics such as sales volume, demand variability or
lost profits (C. Bai et al. 2018; Kharlamov, Ferreira, and
Godsell 2020; Xiao, Zhang, and Kaku 2011; Yu and
Wang 2008) to make product portfolio decisions.

4.1.6. Information
Information encompasses all tasks aimed at improving
the availability of information for informed decision-
making in the hierarchical planning process (Chopra
2019). It provides data-driven insights for planning to
reduce reliance on intuition and subjective judgement,
ensures information is available across the supply chain
and maintains data quality. Due to its broad definition,
it is the most heterogeneous supply chain driver that
includes all tasks which seek to improve the availability
of information for decision-making.

Tracking & identification includes technologies or
techniques related to the tracking, localisation or iden-
tification of assets, people or objects. Tracking involves
monitoring the movement of products from their point
of origin to their final destination. This is often achieved
through the use of technologies such as radio frequency
identification (RFID), GPS and Internet of Things (IoT).
RFID is the most common topic in the literature sample.
Some case studies demonstrate the application of RFID
(J. Wang and Yue 2017; Ting et al. 2014), while others
focus on the technological improvement of RFID, such
as increasing read rates (Ellis et al. 2018) or detecting
anomalies in data streams (Masciari 2012). Food track-
ing in particular is a common application, as quality
issues in food supply chains can have serious conse-
quences (J. Wang and Yue 2017; Masciari 2012; Ting
et al. 2014; Weiser et al. 2016). Another group of articles
focuses on detecting problems in systems, such as ware-
house operation problems (Y. Li, Wang, and Li 2021),
port congestion (X. Bai et al. 2023) or supply chain dis-
ruptions (Melnyk et al. 2014). Two articles analyse social
media to identify supply chain risk factors (Ganesh and
Kalpana 2022) or negative customer feedback (Singh,
Shukla, and Mishra 2018). A special application is the
unique identification of identical machines in a produc-
tion system based on vibration and magnetic intensity
(Mehdi and Starly 2020).

Supply network science is an emerging field that stud-
ies supply networks from a network science perspective.
It focuses on understanding how firms are embedded
in these networks and how this affects the robustness,
resilience and performance of the network at both macro
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and microscopic levels (Brintrup and Ledwoch 2018).
Common applications are the identification of critical
nodes and edges, network reconstruction, and the discov-
ery of relationships between topology and other factors.
Industry-level network reconstruction is carried out for
the global aluminium network (Nuss et al. 2016), the
Japanese supply network (Kagawa, Suh, et al. 2013), the
European supply chain (Tsekeris 2021) and a specific
transport equipment supply chain (Tokito 2018). Some
studies use the reconstructed network to identify crit-
ical nodes and network vulnerabilities (e.g. Blackhurst
et al. 2018; Kagawa, Suh, et al. 2013; Tokito 2018; Tsek-
eris 2021). Joubert and Meintjes (2015) presented an
example of firm-level network reconstruction by observ-
ing movements of commercial vehicles. Another impor-
tant task is to identify causal relationships between net-
work properties, such as between topology and regional
instability (H. Wang, Lu, et al. 2018) or industrial upgrad-
ing and supply chain participation (S. Wang, Wang, and
Chen 2022).

Multivariate analysis refers to a set of statistical tech-
niques used to analyse and interpret datasets that involve
multiple variables. Typically, there are independent vari-
ables (causes) that the researcher manipulates, depen-
dent variables (effects) that are expected to change in
response to the manipulation, and mediating variables
that explain how the independent variable influences the
dependent variable. Case studies exhibit two different
scopes: causal relationships in specific industrial environ-
ments (e.g. process parameters or product quality) and
general causal relationships (e.g. supply chain flexibility
or resilience). Environment-specific applications include
quality control (e.g. Kappelman and Sinha 2021; Ng, Ho,
and Wu 2023), supplier selection (Govindan et al. 2017;
Jain et al. 2014) and demand correlation (Birisci and
McGarvey 2022). General applications include relation-
ships between collaboration and sustainability perfor-
mance (C. Bai, Sarkis, and Ibrahim 2023), quality and
supply chain topology (Chen et al. 2021; Jiang et al. 2021)
or reconfigurability and operational performance (Maga-
nha, Silva, and Ferreira 2019). Examples of specific factor
analysis (FA) include identifying risk factors in an organ-
isation (Kara, Fırat, and Ghadge 2020) or root causes of
quality problems (Lau et al. 2009). General applications of
FA include identifying key factors of sustainability met-
rics (Pozo et al. 2012), warehouse performance (John-
son and McGinnis 2010) or sustainability performance
metrics (Pozo et al. 2012).

Prevalence & performance assessment includes stud-
ies that assess the current or expected future prevalence
of technologies, concepts, practices or barriers within a
specific context, such as geographical regions or sectors.
Such studies can provide insight into the current state

of the art in industry and academia or the gap between
the actual and target state. It also includes methods for
measuring the performance of an industry, company or
supply chain. Many of the articles assess the role of sus-
tainability in the industry, for example in food supply
chains (Abdella et al. 2020; Kucukvar et al. 2019), the
maritime industry (X. Wang et al. 2020) or manufactur-
ing (Xie, Zang, and Qi 2016). Three articles focus on
the barriers to sustainability implementation (Dalalah
et al. 2022; Dutta et al. 2021; Luthra et al. 2022). Oth-
ers assess carbon emissions in Chinese domestic sup-
ply chains (Zhai et al. 2020), the diffusion of circular
economy in the Indonesian furniture industry (Susanty,
Tjahjono, and Sulistyani 2020), the implementation of
reconfigurability in the Portuguese manufacturing indus-
try (Maganha, Silva, and Ferreira 2019) or the resilience
of ports (Qin et al. 2023). Performance measurement for
sustainability (Park and Kremer 2017), agility (Vinodh,
Prakash, and Selvan 2011) and supply chain performance
(Buttermann, Germain, and Iyer 2008) is another topic of
interest in the literature sample.

Forecasting is the process of making predictions about
future events, trends or outcomes based on historical
data and knowledge of future events (Hyndman and
Athanasopoulos 2021). It can be qualitative or quantita-
tive, depending on the nature of the data and the methods
used. Common quantitative forecasting methods include
time series analysis, regression analysis and ML algo-
rithms, while qualitative methods include expert opin-
ions, the Delphi method and scenario analysis. Primary
applications of forecasting include in particular attempts
to improve the accuracy of forecasting techniques in spe-
cific environments (e.g. Murray, Agard, and Barajas 2018;
Sheu 2010), while it is also often used to model realis-
tic, comprehensive scenarios (e.g. J. Liu et al. 2022; Y. Liu
et al. 2023; Y. Wang, Assogba, et al. 2018). Most common
in SCM is the quantitative forecasting of demand (e.g.
Grzegorowski et al. 2023; Scarpel 2015), sales (e.g. H. D.
Nguyen et al. 2021; Mitra, Saha, and Tiwari 2023), prices
(e.g. Ding et al. 2022; R.-A. Lin and Ma 2022) and lead
times (e.g. Trapero, Cardós, and Kourentzes 2019a). Less
common is the forecasting of quality (Ren et al. 2020) or
product availability (Rodger 2014). Six articles used qual-
itative forecasting to develop scenarios on the future of
logistics in emerging markets (Hirschinger et al. 2015),
resilience factors in healthcare supply chains (Kumar
et al. 2023), last-mile delivery (Peppel, Ringbeck, and
Spinler 2022), the role of supply chain managers for tal-
ent management (Wehrle et al. 2020), the impact of big
data (Roßmann et al. 2018) and the role of Industry 4.0
for resilience (Spieske et al. 2023).

Information system design is the process of defining the
architecture, components, modules, interfaces and data
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Figure 3. The UL taxonomy synthesised from the literature and adapted to our findings. Some categories are refined further in the text,
e.g.centroid-based clustering techniques can be divided into hard and soft techniques (see Section 4.2).

for a system to meet specified requirements. It includes
all activities that build or improve the technical infras-
tructure for storing and accessing information, such as
database design or integration of different systems. It
aims to improve data quality, enable information sharing
and provide platforms for SCM. All articles in this cate-
gory propose an architecture for digital platforms, such
as a process control platform based on blockchain and
IoT (Ng, Ho, and Wu 2023), a supply chain platform with
modules for ordering, purchasing, production, inventory,
distribution and transport (H. Lin, Lin, and Wang 2022)
or a control platform (Bakhtadze and Suleykin 2021).
Some articles focus specifically on recommender sys-
tems for medical services (Jianjia et al. 2021), sustain-
able business partners in the waste industry (Capelleveen
et al. 2021) or e-commerce products (Dadouchi and
Agard 2021).

4.2. Unsupervised learning

UL is one of the three main paradigms in ML, along-
side supervised and reinforcement learning (Bonac-
corso 2019; Sammut and Webb 2017). While supervised
learning relies on labelled data for training, and rein-
forcement learning uses approximate feedback through
a reward system, UL operates in the absence of labelled
outputs or feedback. Instead, it seeks to uncover underly-
ing patterns and previously unknown knowledge within
data.

To the best of our knowledge, there is no universally
accepted taxonomy for UL. This lack of a formal categori-
sation is one of the major issues preventing practitioners
from adopting UL algorithms Fahad et al. (2014). There-
fore, we systematically analyse the SCM literature using
the UL categories we consider to be the most popular, and
for each category, we adopt a taxonomy from the litera-
ture, which we update as necessary to reflect our findings.
The resulting framework is presented in Figure 3 and a
tabular overview classifying all included articles is pro-
vided in Table 5. For the sake of brevity, we only discuss
the four most popular UL categories in detail. The inter-
ested reader may find the discussion of the remaining two
categories, density estimation and generative methods, in
the appendix. After having taken an isolated perspective
on UL, we combine UL and SCM in Section 4.2.5. Finally,
as the evaluation of UL methods is non-trivial due to the
absence of a ground truth, we conclude the section by
discussing evaluation metrics and the quantitative impact
of UL.

4.2.1. Anomaly, outlier and novelty detection
Anomaly detection, often used interchangeably with out-
lier detection, is the problem of finding patterns in data
that do not conform to expected behaviour (Chandola,
Banerjee, and Kumar 2009). Anomaly detection has a
wide variety of applications ranging from fraud detection
in finance to military surveillance for enemy activities
(Chandola, Banerjee, and Kumar 2009). A closely related
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Table 5. Classification of articles by UL category.

UL Category References

Anomaly detection
Distance-based Y. Li, Wang, and Li (2021), Bhattacharya et al. (2014), and Masciari (2012)
Domain-based H. D. Nguyen et al. (2021) and Johnson and McGinnis (2010)
Information-theoretic Y. Li, Wang, and Li (2021)
Reconstruction-based H. D. Nguyen et al. (2021) and Melnyk et al. (2014)
Statistical R.-A. Lin and Ma (2022), H. D. Nguyen et al. (2021), and H. Wang, Lu, et al. (2018)
Association rule mining
Binary Ganesh and Kalpana (2022), Antomarioni et al. (2021), Ozgormus and Smith (2020), Shiau (2020), X. Wang

et al. (2020), C. K. H. Lee (2017), Xiao, Zhang, and Kaku (2011), Liao, Chen, and Wu (2008), and Yu and Wang (2008)
Non-binary Ng, Ho, and Wu (2023), Kappelman and Sinha (2021), T. V. Nguyen et al. (2020), Leung et al. (2019), Ellis et al. (2018), J.

Wang and Yue (2017), Jain et al. (2014), Ting et al. (2014), Vinodh, Prakash, and Selvan (2011), Lau et al. (2009), and
Liao, Hsieh, and Huang (2008)

Clustering
Centroid-based (without

k-means and fuzzy c-means)
Kania et al. (2023), Xu et al. (2023), Gumte et al. (2021), Souto et al. (2021), Özener and Ekici (2018), and K. Zhao and

Yu (2011)
Density- or domain-based X. Bai et al. (2023), Qiu, Ma, and Sun (2023), Ding et al. (2022), Mohseni and Saman Pishvaee (2020), Yang, Jiang, and

You (2020), Weiser et al. (2016), Joubert and Meintjes (2015), and Scarpel (2015)
Equivalence-based Mavi et al. (2023), Y. Wang et al. (2014), Y. Li, Liu, and Chen (2012), and Sheu (2010)
Graphs & networks Tsekeris (2021), T. V. Nguyen et al. (2020), X. Wang et al. (2020), Blackhurst et al. (2018), and Kagawa, Suh, et al. (2013)
Hierarchical Köseli et al. (2023), Mitra, Saha, and Tiwari (2023), Dalalah et al. (2022), Luthra et al. (2022), J. Liu et al. (2022),

Menchaca-Méndez et al. (2022), Nanayakkara et al. (2022), Teng et al. (2022), Chen et al. (2021), Dutta et al. (2021),
Jiang et al. (2021), Tu et al. (2021), Kharlamov, Ferreira, and Godsell (2020), Maganha, Silva, and Ferreira (2019), J. Li
et al. (2018), Murray, Agard, and Barajas (2018), Papagiannidis et al. (2018), Ruth et al. (2018), Shou et al. (2018),
Singh, Shukla, and Mishra (2018), H. Wang, Lu, et al. (2018), Y. Wang et al. (2017), Chattopadhyay, Sengupta, and
Sahay (2016), Daie and Li (2016a, 2016b), J. Liu et al. (2016), Xie, Zang, and Qi (2016), Rodger (2014), Shukla, Naim,
and Thornhill (2012), and Riviére and Marlair (2010)

Model-based Mitra, Saha, and Tiwari (2023), Abdirad, Krishnan, and Gupta (2022), J. Liu et al. (2022), Y. Li, Wang, and Li (2021), Ellis
et al. (2018), Papagiannidis et al. (2018), Tokito (2018), Park and Kremer (2017), Nuss et al. (2016), Bask et al. (2013),
Xiao, Zhang, and Kaku (2011), and Ha and Krishnan (2008)

Multi-step Garcia-Castro et al. (2023), Xu et al. (2023), Abdirad, Krishnan, and Gupta (2022), and Buttermann, Germain, and
Iyer (2008)

Density estimation
Model-based M. Li, Wu, et al. (2020)
Model-free Grzegorowski et al. (2023), Birisci and McGarvey (2022), M. Li, Wu, et al. (2020), Mehdi and Starly (2020), and Trapero,

Cardós, and Kourentzes (2019a, 2019b)
Dimensionality reduction
Linear Grzegorowski et al. (2023), Y. Liu et al. (2023), H. D. Nguyen et al. (2021), Rajesh (2021), Flores and Villalobos (2020),

Kharlamov, Ferreira, and Godsell (2020), Kara, Fırat, and Ghadge (2020), M. Li, Wu, et al. (2020), Mehdi and
Starly (2020), Susanty, Tjahjono, and Sulistyani (2020), Tayal, Solanki, and Singh (2020), Zhai et al. (2020), Ruth
et al. (2018), Shou et al. (2018), Govindan et al. (2017), Pozo et al. (2012), and Riviére and Marlair (2010)

Non-linear Y. Liu et al. (2023), Y. Li, Wang, and Li (2021), Wu et al. (2021), and Ren et al. (2020)
Generative methods
GAN Deng et al. (2023), and H. Lin, Lin, and Wang (2022)
Recommender system Capelleveen et al. (2021), Dadouchi and Agard (2021), and Jianjia et al. (2021)

subject is novelty detection, which focuses on discover-
ing previously unobserved patterns (Chandola, Banerjee,
and Kumar 2009). It is noteworthy that, despite chal-
lenges in obtaining sufficient and accurate labels (Chan-
dola, Banerjee, and Kumar 2009), anomaly detection can
be framed as a supervised learning problem. As we focus
on UL techniques, we will not cover these approaches.
For an extensive review of anomaly detection techniques,
including applications outside the field of SCM, we
refer to the review articles by Chandola, Banerjee, and
Kumar (2009), Pimentel et al. (2014) and Smiti (2020).
The following categorisation is a synthesis of the ones
presented there. A distinction not reflected in this cat-
egorisation is that between scoring and labelling tech-
niques (Chandola, Banerjee, and Kumar 2009). Scoring
techniques assign an anomaly score to each instance, and
the user decides if the instance is anomalous either based
on a cutoff threshold or a target number of abnormal

instances, while labelling techniques classify an instance
directly.

Distance-based anomaly detection methods rely on
a well-defined distance measure, such as the Euclidean
distance, that is used to compute similarities between
data points (Pimentel et al. 2014). This category can
be further divided into clustering-, nearest neighbour-,
and reference point-based techniques (Chandola, Baner-
jee, and Kumar 2009). Clustering-based methods group
the data first (see Section 4.2.3), and categorise the data
into normal and abnormal observations in a second step.
Similarly, nearest neighbour-based methods assume that
normal data instances occur in dense neighbourhoods,
while anomalies occur far from their closest neighbours
(Chandola, Banerjee, and Kumar 2009). These meth-
ods compute an anomaly score by using the distance to
the kth nearest neighbour or the relative density of an
observation. Y. Li, Wang, and Li (2021) use a hybrid of
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the latter approach and an information-theoretic notion
to detect abnormal operation statuses in a warehous-
ing system. Each operation status is assigned an ‘abnor-
mal factor’ based on the number of similar statuses and
its relative neighbourhood information entropy, i.e. the
uncertainty the instance introduces to the data. Refer-
ence point-based techniques require a ground truth sam-
ple the distance to which is used as the anomaly score
of an observation. Masciari (2012) detects anomalous
RFID readings by encoding RFID streams as time series
and computing the squared distance of their and their
planned sequence’s discrete Fourier transform. In Bhat-
tacharya et al. (2014), the authors detect traffic conges-
tion by computing the Mahalanobis distance between the
observed traffic speed and its historical mean.

Domain-based anomaly detection techniques create
a boundary around the normal instances of the train-
ing data set, enclosing the domain of normal data. New
observations are either labelled normal, if they lie inside
the boundary, or anomalous, if they lie outside (Pimentel
et al. 2014). A well-known example is the one-class sup-
port vector machine (OCSVM) algorithm (Schölkopf
et al. 2001). H. D. Nguyen et al. (2021) model the domain
of time series prediction errors using OCSVM and con-
sider a new observation anomalous if its prediction error
lies outside the boundary. Johnson and McGinnis (2010)
propose a new methodology to assess overall warehouse
efficiency. They use linear programs to compute an effi-
cient and an inefficient frontier, which together define a
domain that encompasses all regular input-output com-
binations. Points that lie further outside the regular set
than a relative threshold value are considered outliers.

Information-theoretic techniques analyse the informa-
tion content of a data set using information theoretic
measures such as entropy or relative entropy. These tech-
niques assume that anomalies induce irregularities in the
information content of the data set (Chandola, Baner-
jee, and Kumar 2009). Techniques in this category try
to find the minimal subset that achieves the maximum
reduction in complexity – instances in this subset are
labelled anomalous. The approach used by Y. Li, Wang,
and Li (2021) to detect abnormal operation statuses falls
into this category (cf. distance-based techniques).

Reconstruction-based methods construct a model of
the underlying data. When a new observation is pre-
sented to the model, the reconstruction error, defined
to be the distance between the new observation and
the model output, can be used to compute an anomaly
score (Pimentel et al. 2014). This category can be further
divided into subspace-based and regression-based tech-
niques. Regression-based methods use contextual infor-
mation to predict the value of a target variable. If the
observed value differs too much from the prediction, the

observation is considered anomalous. This idea is used
by Melnyk et al. (2014), who fit an ARMA model (Hynd-
man and Athanasopoulos 2021) to a time series and use
the residuals to detect anomalous values. Subspace-based
methods find an approximation of the data in a lower-
dimensional space, assuming that normal instances and
anomalies appear significantly different in fewer dimen-
sions (Chandola, Banerjee, and Kumar 2009). H. D.
Nguyen et al. (2021) use a hybrid of regression- and
subspace-based technique. They apply an autoencoder
(see Section 4.2.4) to regress multivariate time series
observations onto themselves and use OCSVM to model
the distribution of the reconstruction errors to distin-
guish between normal and abnormal instances.

Statistical techniques assume that normal data instances
occur in high probability regions of a stochastic model,
while anomalies occur in the low probability regions.
They can be divided further into model-based methods,
which assume the data to be generated by a well-defined
probability distribution (e.g. Gaussian), and model-free
methods, which do not rely on such an a priori assump-
tion (Chandola, Banerjee, and Kumar 2009). Inspired
by the observation that a normal distribution contains
99.7% of its mass within three standard deviations of the
mean, the sigma rule is a model-based statistical tech-
nique. Observations outside the interval [μ̂ − 3σ̂ , μ̂ +
3σ̂ ], where μ̂ and σ̂ are the empirical mean and stan-
dard deviation estimates, are considered outliers. This
approach is adopted by H. Wang, Lu, et al. (2018), who
detect anomalies in international trade time series data
to discover regional instabilities. Similar, but deprived of
the model-based assumption, is one of the techniques
applied by R.-A. Lin and Ma (2022), who detect outliers,
spikes and change points in food and weather time series.
An observation in a time series (xi)i is considered an
outlier if it lies outside the interval [M − 3bMAD, M +
3bMAD], where M is the median of the data, b = 1.4826
is the Huber Constant and MAD is the median of the
absolute deviations (|xi − M|)i. Change points and spikes
are detected using a kernel function-based approach. The
most recent observations are used to construct a ker-
nel density estimate (see Appendix A.2) of the data. An
observation with a low p-value, i.e. lying in a low density
region, is considered an outlier. Kernel functions are also
used by H. D. Nguyen et al. (2021), who use the errors of a
time series prediction model to construct a kernel quan-
tile estimate of the error distribution. If the prediction
error of a new observation exceeds the quantile threshold,
it is labelled an anomaly.

4.2.2. Association rule mining
ARM is concerned with extracting ‘IF . . .THEN . . . ’ rules
from a given dataset, where antecedent and consequent
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of the rule are disjoint sets of attribute-value pairs. The
problem was popularised by R. Agrawal, Imieliński, and
Swami in 1993 to mine rules of the kind ’If a customer
buys product A, they are likely to buy product B’ from
large-scale supermarket data. Today, apart from market
basket analysis, ARM is applied in many other fields
(Bramer 2020; Ng, Ho, and Wu 2023; Zaki and Meira,
Jr 2020).

To control the number and reliability of the extracted
rules, practitioners analyse various properties. The sup-
port of a rule measures the relative frequency of transac-
tions containing both antecedent and consequent and is
used to sort out infrequently appearing rules. The con-
fidence of a rule is the support of the rule as a fraction
of the support of the antecedent. It denotes the con-
ditional probability of observing the consequent given
the antecedent and represents the strength of the rule.
Other common metrics include lift (Bramer 2020) and
conviction (Brin et al. 1997).

ARM is generally decomposed into two subproblems:
frequent pattern mining and rule construction. Most
ARM algorithms are only concerned with the more chal-
lenging first step. Constructing rules from rule candi-
dates is straightforward and performed in a generic way
(cf. Algorithm 8.6 in Zaki and Meira, Jr 2020).

To the best of our knowledge, there is no univer-
sal taxonomy for ARM techniques. Therefore, we adopt
the general distinction between binary and non-binary
(or numeric) approaches, which is also made in Fis-
ter et al. (2023) and Q. Zhao and Bhowmick (2003).
Except for the article by Bakhtadze and Suleykin (2021),
who do not explicitly mention the ARM algorithm
they employ, this categorisation accommodates all ARM
articles included in our review. For a more exten-
sive review of ARM techniques and applications out-
side the field of SCM, the reader is referred to Fister
et al. (2023), Kumbhare and Chobe (2014), and Q. Zhao
and Bhowmick (2003).

Binary association rule mining techniques assume a
binary transaction database. In special cases, if the data
set of interest is small or only rules of a specific type
are of interest, all possible rules may be constructed
and checked for validity one-by-one. Ozgormus and
Smith (2020) analyse market basket data to optimise
the store layout of a supermarket by strategically re-
locating departments from which customers frequently
buy products jointly. They consider twenty-five depart-
ments and are only interested in rules associating two
departments, which amounts to 300 possible rules that
can be checked exhaustively. Similarly, Xiao, Zhang,
and Kaku (2011) propose a new inventory classification
scheme based on loss profit, for which only association

rules between two items are required. In general, how-
ever, complete enumeration is not an option. Indeed, the
main challenge when mining association rules is com-
putational efficiency, as the number of potential rules is
usually prohibitively large (Bramer 2020). The first effi-
cient and most well-known ARM algorithm for binary
data is the apriori algorithm developed by R. Agrawal
and Srikant (1994). C. K. H. Lee (2017) employs the apri-
ori algorithm for its traditional purpose of market basket
analysis to support the generation of anticipatory ship-
ping plans. Similarly, Liao, Chen, and Wu (2008) analyse
purchase patterns to derive suggestions which products
to sell in a bundle and which product lines and brands
to extend, and Yu and Wang (2008) develop customer-
specific return policies to increase customer satisfaction.
Although the apriori algorithm proceeds intelligently by
taking advantage of the downward closure lemma, it gen-
erates too many irrelevant candidates. It is increasingly
being replaced by more efficient ARM techniques such
as the FP-Growth algorithm (Han, Pei, and Yin 2000;
Kumbhare and Chobe 2014). Antomarioni et al. (2021)
use FP-Growth to identify the best item allocation in
an automated storage and retrieval system. X. Wang
et al. (2020) and Ganesh and Kalpana (2022) both anal-
yse co-occurrences of words in large text corpora. Finally,
Shiau (2020) proposes a custom ARM technique to gen-
erate planning bill of materials from demand forecasts in
order to help a supplier deal with demand uncertainty in
a vendor-managed inventory environment.

Non-binary association rule mining techniques are
employed when the attributes are categorical or numeric.
This scenario requires a different approach, as the tra-
ditional definition of support is not readily transferable.
Non-binary ARM methods can be divided further into
two subcategories. Direct methods, which we have not
encountered, can process the non-binary input data with-
out the need of a preprocessing step (Fister et al. 2023).
The more popular approach is to discretise the attributes
and then resort to an existing ARM algorithm. When
the discretisation step leads to few categories and strictly
binary data, an existing binary ARM algorithm can be
applied without adaptation. This is the approach taken
by Ellis et al. (2018), who apply the apriori algorithm
after discretisation to mine rules that specify the rela-
tion between antennae positioning and signal power
(antecedent) and successful RFID tag readings (conse-
quent) to detect test settings that can be used to identify
reliable RFID tags. The same two-step approach – dis-
cretisation and apriori algorithm – is applied by Ting
et al. (2014) to associate logistics settings with the quality
and safety of food products, by T. V. Nguyen et al. (2020)
to detect associations between international demand
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patterns and Chinese supplier locations, by J. Wang and
Yue (2017) to develop a food safety pre-warning system,
and by Liao, Hsieh, and Huang (2008) to derive sug-
gestions for new product development. Similarly, Kap-
pelman and Sinha (2021) discretise their data and then
apply the FP-Growth algorithm to analyse sequential
decisions along a multi-echelon food supply chain and
their effect on product quality. For other applications,
transforming the database into strictly binary data can
be impractical because it would result in a prohibitively
large number of categories or require arbitrary discretisa-
tion boundaries (Kuok, Fu, and Wong 1998). Fuzzy sets
are used to circumvent these issues. Vinodh, Prakash,
and Selvan (2011) employ the fuzzy algorithm of Kuok,
Fu, and Wong (1998) to evaluate the agility of a sup-
ply chain by mining association rules between attributes
such as flexibility, profitability, quality, and speed of
response. A slightly different fuzzy ARM technique, the
i-PM algorithm (iterative process mining), is an adap-
tation of the method of Hong, Lin, and Wang (2003)
to process mining. The i-PM algorithm is used by Ng,
Ho, and Wu (2023) to derive associations between pro-
duction process parameters and output quality, by Lau
et al. (2009) to mine rules specifying the relationship
between supply chain process settings and customer sat-
isfaction, by Leung et al. (2019) to discover product- and
customer-related factors that impact pricing decisions on
e-commerce sites, and by Jain et al. (2014) to analyse the
supplier selection process by investigation the relation
between suppliers’ initial screening scores and their final
work performance.

4.2.3. Clustering
Clustering is the problem of partitioning a set of objects
into coherent groups called clusters, such that objects
within a cluster are similar, while objects in different clus-
ters are dissimilar (Sammut and Webb 2017). It is often
considered the most basic (Malik and Tuckfield 2019) as
well as the most well-known UL category (Jones, Kruger,
and Johnston 2020). To analyse the clustering techniques
included in this review, we adopt the categorisation pre-
sented in Fahad et al. (2014), which we extend by the
ideas of Ezugwu et al. (2022) and our own findings. For
a more complete overview, we refer to these reviews,
for a focus on emergent clustering techniques to Brusco
et al. (2012), and procedural guidelines can be found in
Brusco et al. (2012).

Centroid-based or partitioning clustering methods
divide the data into groups each of which is identi-
fied by its cluster centroid. These methods can be fur-
ther divided into hard techniques, which enforce that
each object belongs to exactly one cluster, and soft tech-
niques, which allow each object to belong to multiple

clusters with different degrees of membership. The most
popular clustering technique, k-means, belongs to the
hard category. While the term k-means was first used
by MacQueen (1967), the idea dates back to Stein-
haus (1957). K-means partitions a data set of n ≥ k
points into k clusters so as to minimise the within-cluster
variance. As the problem is NP-hard (Dasgupta 2008),
it is solved in an iterative two-step procedure that is
due to Lloyd (1982) and Forgy (1965): data points are
assigned to the closest cluster centroid, then the cen-
troids are calculated as the means of the data points
assigned to them. The procedure terminates when the
assignment no longer changes. Representative of all clus-
tering techniques, the k-means algorithm can serve two
types of purpose. If the purpose is a descriptive or
exploratory analysis of the data, the clustering result is
a goal in itself. In this fashion, k-means is applied by
Kumar et al. (2023) to cluster supply chain resiliency
indicators to identify important themes affecting omni-
channel healthcare supply chain resiliency, by Kucukvar
et al. (2019) to form coherent groups of food producing
countries based on their environmental and socioeco-
nomic impact, by Zhai et al. (2020) to cluster Chinese
provinces based on carbon emissions and by many oth-
ers (cf. Chang et al. 2014; Coşkun, Kumru, and Maya
Kan 2022; Papagiannidis et al. 2018; S.-C. Wang, Tsai,
and Ciou 2020; Shahbazbegian, Hosseini-Motlagh, and
Haeri 2020; Sultan and Mativenga 2019; Yoo et al. 2017
etc.). In other applications, clustering acts as an inter-
mediate step to solve a larger problem. A popular sub-
goal is complexity reduction. Many researchers simplify
a vehicle routing problem by using a cluster-first-route-
second approach (Aloui, Hamani, and Delahoche 2021;
Govindan et al. 2017; Mokhtarinejad et al. 2015; Nambi-
rajan et al. 2016; Ramírez-Villamil et al. 2023; Y. Wang
et al. 2023; Y. Wang, Zhang, et al. 2018; Yeo et al. 2022).
Similarly, other articles use the cluster centroids as a
possible set of location sites, e.g. for hydrogen refu-
elling stations (Ge, Jin, and Ren 2022) or waste recy-
cling centres (Sultan and Mativenga 2019), from which
a subsequent optimisation algorithm selects the optimal
ones, or they reduce the complexity of a stochastic pro-
gram by clustering uncertainty scenarios (Garcia-Castro
et al. 2022; Khatami, Mahootchi, and Farahani 2015).
The k-means algorithm can also be used to extract fea-
tures for a subsequent ML model. Ellis et al. (2018) clus-
ter numerical attributes to discretise them before apply-
ing a binary ARM technique. Abdella et al. (2020) and
Thomassey (2010) cluster objects and subsequently train
a classifier on the cluster indices. Finally, k-means can be
used to clean data sets. Bait, Marino Lauria, and Schi-
raldi (2022) fill missing entries with the corresponding
value of the closest centroid. Chang et al. (2014) cluster
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customer reviews into fair and unfair ratings to remove
dishonest feedback.

An approach closely related to k-means is k-medoids.
Instead of the arithmetic mean of all points in a clus-
ter, k-medoids uses an exemplary data point as centroid,
allowing for greater interpretability. Further, whereas k-
means requires numerical attributes and employs the
Euclidean distance, k-medoids can be used with arbi-
trary dissimilarity measures, deal with discrete-valued
variables and is more robust to outliers and noise
(Kaufmann and Rousseeuw 1987). Xu et al. (2023)
present a multi-step supplier selection approach that
starts with k-medoids to obtain a reliable presegmen-
tation. Kania et al. (2023) propose a decision support
approach for multi-item lot sizing problems by solv-
ing single-item problems for the cluster representatives.
Another extension is k-prototypes, which generalises
k-means to mixed-type data. The algorithm uses the
Euclidean distance for the numerical attributes and a sim-
ple binary dissimilarity measure for the categorical ones.
The aggregate metric is a weighted average of the two
(Huang 1998). K. Zhao and Yu (2011) rely on the k-
prototype algorithm to group suppliers based on numeri-
cal, categorical and textual attributes. Other authors pro-
pose custom clustering methods tailored to a specific
application, like Özener and Ekici (2018) who design an
integrated clustering and optimisation routine to solve
a vehicle routing problem, or Souto et al. (2021) who
utilise a method termed clustering search, which was
originally introduced by Oliveira and Lorena (2007) and
integrates clustering and a local search method to effi-
ciently guide the optimisation process through the search
space.

The most popular soft clustering technique is fuzzy
c-means (FCM), an extension of the k-means algorithm
that allows objects to belong to multiple clusters
(Bezdek 1981). A popular application is the clustering of
projections of a Delphi study to form coherent future sce-
narios, as FCM is able to include projections in multiple
scenarios (Hirschinger et al. 2015; Peppel, Ringbeck, and
Spinler 2022; Roßmann et al. 2018; Spieske et al. 2023;
Wehrle et al. 2020). Also, many authors employ the
algorithm to cluster suppliers in order to facilitate collab-
oration and investment decisions (Akman 2015; C. Bai,
Dhavale, and Sarkis 2016; Jabbarzadeh, Fahimnia, and
Sabouhi 2018). An extension of the algorithm proposed
by Pantula, Miriyala, and Mitra (2020) is neuro-fuzzy c-
means (NFCM), which, to reduce problem complexity,
uses an artificial neural network and a genetic algorithm
to compute the optimal number of clusters c and the
membership values. Gumte et al. (2021) apply NFCM to
cluster uncertainty scenarios to reduce the complexity of
a stochastic program.

We emphasise that, for expositional purposes, Table 5
only includes the articles using less popular centroid-
based clustering methods, excluding k-means and fuzzy
c-means. A complete list of articles applying the latter two
algorithms can be found in Table A1 in the appendix.

Density- or domain-based clustering methods group
objects based on notions of density and connectivity,
which allows clusters of arbitrary shape and protects
against outliers. A prominent example is DBSCAN (Ester
et al. 1996). DBSCAN is used by Ding et al. (2022) to
cluster volatility rates of digital currencies, by Weiser
et al. (2016) to collapse multiple network nodes to facil-
itate network analysis, by Yang, Jiang, and You (2020)
to cluster hydrogen demand uncertainty scenarios to
reduce model complexity, and a slight variation of the
algorithm called DJ-Cluster (Joubert and Meintjes 2015)
is applied by C. Zhou et al. (2004) to cluster vehi-
cle movement data to construct a transport network
model. A prominent domain-based clustering technique
is support vector clustering (SVC) (Ben-Hur et al. 2001),
which is closely related to the anomaly detection method
OCSVM. SVC is used by Qiu, Ma, and Sun (2023) and
a slight variation of it called conservative SVC, which
is especially suited for small data sets, by Mohseni and
Saman Pishvaee (2020) to cluster uncertainty scenarios.
Other approaches falling into this category are DEN-
CLUE (Hinneburg and Keim 2003), which leverages
kernel density functions (cf. Section A.2) to construct
a model-free probabilistic clustering of the data and
is applied by Scarpel (2015) in a divide-and-conquer
demand forecasting approach, or the custom method
proposed by X. Bai et al. (2023), who cluster ship location
data to identify berth and anchorage areas.

Equivalence-based clustering methods define an equiv-
alence relation on a data set which naturally divides the
data into equivalence classes. The data is often charac-
terised by fuzzy attributes. This idea is used by Y. Li, Liu,
and Chen (2012) and Mavi et al. (2023) to cluster sup-
pliers in a supplier selection problem, by Sheu (2010) to
cluster regions affected by a natural disaster for dynamic
relief-demand management, and by Y. Wang et al. (2014)
for customer segmentation.

Clustering methods for graphs & networks are specif-
ically designed to detect groups in network data. A
well-known technique is the Girvan-Newman algorithm
(Clauset, Newman, and Moore 2004), which takes a
greedy agglomerative approach to detect communities
in large networks. In addition to ARM, T. V. Nguyen
et al. (2020) apply the Girvan-Newman algorithm to
optimise the locations and service areas of dry ports in
a large-scale inland transportation system, while Tsek-
eris (2021) apply it to European input-output tables
to identify regions affected by Brexit. Related to the
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Girvan-Newman algorithm is the visualisation of simi-
larity (VOS) method, developed by Waltman, van Eck,
and Noyons (2010) for unified mapping and clustering
of bibliometric networks. VOS is available in the software
tool VOSviewer. X. Wang et al. (2020) analyse sustainabil-
ity reports of maritime companies and use VOSviewer
to cluster and visualise co-occurring sustainability key-
words. Other prominent examples are spectral clustering,
which computes the k smallest eigenvalues of the sim-
ilarity matrix and then clusters the data points in the
reduced space, (for an SCM application, see Kagawa, Suh,
et al. 2013), or triangularisation clustering, which iden-
tifies clusters in a Petri net based on sequencing and
precedence relations (Blackhurst et al. 2018).

Hierarchical clustering methods organise the data in
a hierarchical manner, which results in a tree-like struc-
ture called a dendrogram. Methods in this category are
often used to validate or initialise other clustering tech-
niques (Brusco et al. 2017), whenever the number of
clusters is difficult to select apriori, or if a hierarchical
arrangement of the data is of interest. Hierarchical clus-
tering can be performed in an agglomerative (bottom-
up) or a divisive (top-down) way. Agglomerative tech-
niques start by treating each data point as one cluster,
and then successively merge the two most similar clus-
ters. These methods differ in the way the (dis-)similarity
of clusters is computed. The average linkage criterion
defines the distance between two clusters as the aver-
age distance over all pairwise distances of elements in
the two clusters (Daie and Li 2016b; Dalalah et al. 2022;
Mitra, Saha, and Tiwari 2023; Riviére and Marlair 2010;
Xie, Zang, and Qi 2016), the complete linkage crite-
rion uses the maximum of all pairwise distances (H.
Wang, Lu, et al. 2018; J. Li et al. 2018; Shukla, Naim,
and Thornhill 2012), the single linkage criterion uses
the minimum (Köseli et al. 2023), and Ward’s method
(Ward 1963) unites the two clusters that minimises the
increase in the error sum of squares (Chattopadhyay, Sen-
gupta, and Sahay 2016; Dutta et al. 2021; Kharlamov,
Ferreira, and Godsell 2020; Luthra et al. 2022; Maga-
nha, Silva, and Ferreira 2019; Murray, Agard, and Bara-
jas 2018; Nanayakkara et al. 2022; Shou et al. 2018;
Shukla, Naim, and Thornhill 2012; Singh, Shukla, and
Mishra 2018). It is also common to use a custom dis-
tance criterion that is tailored to the data or the problem
at hand (J. Liu et al. 2022, 2016; Teng et al. 2022; Y.
Wang et al. 2017). Divisive methods start at the root
of the tree by treating the entire data set as one clus-
ter and successively split up the data until each sam-
ple forms a single cluster. A fairly novel method are
growing hierarchical self-organising maps (GH-SOMs)
Dittenbach, Merkl, and Rauber (2000) a flexible, hier-
archical extension an SOM (cf. model-based clustering).

Chattopadhyay, Sengupta, and Sahay (2016) benchmark
the GH-SOM algorithm on sixteen problems to demon-
strate its efficacy and robustness on complex supply chain
clustering problems. As with agglomerative techniques,
authors also use custom methods with divisive meth-
ods (Menchaca-Méndez et al. 2022). Furthermore, many
authors only report the general usage of an agglom-
erative (Papagiannidis et al. 2018; Ruth et al. 2018),
divisive (Rodger 2014), or hierarchical technique (Chen
et al. 2021; Daie and Li 2016a; Jiang et al. 2021; Tu
et al. 2021) without going into more detail about the exact
algorithm.

Model-based clustering methods optimise the fit
between the given data and some predefined mathemat-
ical model, often a mixture of probability distributions,
which is assumed to have generated the data. A promi-
nent example are Gaussian mixture models (GMMs)
which operate under the assumption that the data orig-
inates from a weighted sum of normal distributions
(Bonaccorso 2019). Besides k-means and BIRCH, Abdi-
rad, Krishnan, and Gupta (2022) employ GMMs to assign
customers to vehicles in a cluster-first, route-second,
improve-third approach for large-scale vehicle routing
problems. Mitra, Saha, and Tiwari (2023) use hierarchi-
cal clustering and GMMs to cluster items in order to
improve sales forecasting. Another well-known model-
based clustering technique is topic modelling, which
automatically extracts topics from text corpora by iden-
tifying coherent groups of words or documents. A gen-
erative probabilistic topic modelling technique is latent
Dirichlet allocation (LDA) (Blei, Ng, and Jordan 2003).
LDA is used by Papagiannidis et al. (2018) to group
companies into sectors based on information scraped
from their website, by Y. Li, Liu, and Chen (2012) to
extract topics from web forum posts, and a slight vari-
ation of it termed correlated topic modelling by Park
and Kremer (2017) to categorise environmental sustain-
ability indicators based on their textual descriptions. An
algebraic, non-probabilistic approach to topic modelling
introduced by D. Lee and Seung (2000) is non-negative
matrix factorisation (NMF). Due to its inherent fuzzy
clustering property, NMF can be applied to other data,
too. Both Nuss et al. (2016) and Tokito (2018) follow an
extension of that idea introduced by Kagawa, Okamoto,
et al. (2013) to find clusters in economic network data.
Another non-probabilistic, model-based clustering tech-
nique is a self-organising map (SOM). An SOM (Koho-
nen 1982) is a method used for clustering, dimensionality
reduction and visualisation of high-dimensional data.
SOMs are used by Ellis et al. (2018) to validate the clus-
tering result of the k-means algorithm, and by Ha and
Krishnan (2008) to build homogeneous supplier clusters
as one step in a hybrid supplier selection approach. Other
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model-based techniques include latent class analysis, a
method that partitions customers into market segments
and models each segment’s preferences (Bask et al. 2013),
or the custom methods introduced by J. Liu et al. (2022),
who solve a large-scale distribution network design prob-
lem and use clustering to assign customers to facilities,
and Xiao, Zhang, and Kaku (2011), who propose a new
inventory classification scheme based on loss profit.

Multi-step clustering methods perform two or more
separate steps. Techniques in this category are usually
designed for large-scale data. Initial steps have low com-
putational complexity but create a low-quality cluster-
ing, while later, more accurate steps would be ineffi-
cient on the entire data set but can be used to refine
the pre-clustering. A well-known example is BIRCH
(Zhang, Ramakrishnan, and Livny 1996), whose effi-
ciency comes from the fact that only high-level summary
statistics of the data are saved and the data set has to
be passed only once. In a second step, the initial clus-
tering is refined by running any traditional clustering
algorithm such as agglomerative hierarchical clustering
or k-means. The method is applied by Garcia-Castro
et al. (2023) to cluster uncertainty scenarios, and by Abdi-
rad, Krishnan, and Gupta (2022) to facilitate a large-scale
vehicle routing problem. A slight extension of BIRCH
included in the statistical software package SPSS is two-
step clustering (IBM 2023), extending BIRCH to cate-
gorical variables. The method is used by Buttermann,
Germain, and Iyer (2008) to cluster manufacturing com-
panies based on supply chain performance. A multi-
step method allowing a fuzzy pre-clustering is Canopy
clustering. Xu et al. (2023) apply Canopy clustering fol-
lowed by the more accurate, but time-complex k-medoids
algorithm to group a large number of suppliers based on
location and reputation.

4.2.4. Dimensionality reduction & feature extraction
Dimensionality reduction is the transformation of high-
dimensional data into a representation of reduced dimen-
sionality that retains the most important characteristics
of the original data. Dimensionality reduction can be
used for data compression or to facilitate a downstream
task such as visualisation, clustering, classification or
regression (Sammut and Webb 2017; Van Der Maaten,
Postma, and van den Herik 2009). In ML, the data dimen-
sions are also referred to as features and thus feature
extraction and similar terms are often used interchange-
ably. Dimensionality reduction techniques are often sep-
arated into linear and non-linear methods (Van Der
Maaten, Postma, and van den Herik 2009). For a more
complete review including a computational comparison
and a more technical taxonomy, the reader is referred to
Van Der Maaten, Postma, and van den Herik (2009).

Linear methods rely on a linear function to map the
original data to a subspace. One of the most well-known
dimensionality reduction techniques is principal compo-
nent analysis (PCA), which constructs orthogonal lin-
ear combinations of the data columns to maximise the
explained variance (Sammut and Webb 2017). H. D.
Nguyen et al. (2021), Flores and Villalobos (2020), and
Mehdi and Starly (2020) reduce their high-dimensional
data to the first two or three principal components in
order to visualise the data. Alternatively, PCA is often
used to prepare the data for a ML algorithm such as
support vector machines (Flores and Villalobos 2020),
clustering (Kharlamov, Ferreira, and Godsell 2020; Tayal,
Solanki, and Singh 2020; Zhai et al. 2020), logistic regres-
sion (Tayal, Solanki, and Singh 2020), or SICE (M. Li,
Wu, et al. 2020). Pozo et al. (2012) apply PCA to iden-
tify redundant environmental metrics in order to reduce
the complexity of a multi-objective optimisation prob-
lem. PCA can also be used for exploratory analysis, such
as by Rajesh (2021), who investigates the correlation
of flexible business strategies to enhance supply chain
resilience. The counterpart of PCA for categorical data is
multiple correspondence analysis (MCA) (Le Roux and
Rouanet 2005). Riviére and Marlair (2010) investigate a
biofuel safety incidents database by performing MCA fol-
lowed by clustering analysis to identify the main incident
typologies. Similarly, Ruth et al. (2018) combine mul-
tiple correspondence and clustering analysis to identify
differences in fraud vulnerability in different food sup-
ply chains. Another method closely related to PCA is
explanatory factor analysis (EFA), which besides con-
firmatory factor analysis (CFA) is one pillar of FA. FA
is a statistical method that hypothesises that the varia-
tion in a larger number of correlated observed variables
is due to the variation of a much smaller number of
variables, the factors, that cannot be measured directly
(Chumney 2014; Fabrigar et al. 1999). Alongside PCA,
Rajesh (2021) uses FA to construct a model of how unob-
served flexibility variables affect supply chain resilience.
Factor analysis is also a common tool to investigate the
correlation between survey questions to test the validity
of a questionnaire (Shou et al. 2018; Susanty, Tjahjono,
and Sulistyani 2020) and, similar to PCA, to preprocess
data for a downstream task such as clustering, regres-
sion or optimisation (Govindan et al. 2017; Kara, Fırat,
and Ghadge 2020; Shou et al. 2018). For application-
specific feature extraction, various other methods can be
suited. Grzegorowski et al. (2023) use the Kaplan Meier
estimator (see Appendix A.2) to estimate the survival
function of products to construct stockout-related fea-
tures for a supervised demand prediction model. Y. Liu
et al. (2023) apply variational mode decomposition, a sig-
nal decomposition technique, to time series data and feed
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the preprocessed data to an ensemble of neural networks
to predict market prices.

Non-linear methods can perform more complex trans-
formations and offer an advantage for many real-world
data sets as these are likely to contain complex non-
linear relationships (Van Der Maaten, Postma, and van
den Herik 2009). An autoencoder (AE) is a special
type of neural network architecture for dimensionality
reduction. The encoder maps the input data to a lower-
dimensional space, the decoder tries to reconstruct the
input data from the encoded representation as exact
as possible, ensuring an information loss-minimising
encoding. AEs can be applied repeatedly to build a
stacked autoencoder (SAE) (Vincent et al. 2010). J. Liu
et al. (2016) solve a complex order allocation problem
and use SAEs to compute supplier evaluation scores. Ren
et al. (2020) employ an AE to preprocess complex sup-
ply chain and time-variant machining data in preparation
for a supervised model predicting product quality. Again,
especially for application-specific feature extraction, var-
ious non-linear methods exist. Wu et al. (2021) apply
Word2vec (Mikolov et al. 2013) in combination with
supervised learning models to predict oil market prices
from twitter data. A similar custom approach is employed
by Y. Li, Wang, and Li (2021), who profile the dark
web opioid supply chain analysing posts on anonymous
markets and forums.

4.2.5. Article distribution over SC subdrivers and UL
subcategories
While Sections 4.1 and 4.2 provide an isolated analy-
sis of supply chain drivers and UL algorithms respec-
tively, this section adopts an integrated perspective on
subdriver-subcategory co-occurrence. Figure 4 provides
an overview. While the two inventory management
subdrivers single-echelon distribution-centric inventory
management and single-echelon procurement-centric
inventory management are included in our review, the
respective articles apply UL to solve a problem pertain-
ing to a different subdriver category. Consequently, they
do not appear in the figure. We observe that anomaly
detection techniques are applied almost exclusively to
gather information and enable a more informed way of
decision-making. The majority of researchers are con-
cerned with anomalies in forecasting applications (H.
D. Nguyen et al. 2021; R.-A. Lin and Ma 2022), where
outliers are removed to improve forecasting accuracy or
anomalies mark special events of interest, and tracking
and identification (Masciari 2012; Melnyk et al. 2014;
Y. Li, Liu, and Chen 2012), where abnormal observa-
tions signal a need for intervention. The traditional way
of mining binary association rules from market basket
data remains a valuable tool in market segmentation

(Liao, Chen, and Wu 2008; Xiao, Zhang, and Kaku 2011;
Yu and Wang 2008) and layout planning (Antomari-
oni et al. 2021; Ozgormus and Smith 2020). Conversely,
non-binary association rule mining has gained consid-
erable traction and is predominantly employed in pro-
cess mining to identify optimal settings and conditions
for complex supply chain procedures. This approach
is particularly prominent in tracking and identifica-
tion (Ellis et al. 2018; J. Wang and Yue 2017; Ting
et al. 2014) and multivariate analysis (Jain et al. 2014;
Kappelman and Sinha 2021; Lau et al. 2009; Ng, Ho, and
Wu 2023). As previously observed, the clustering cate-
gory is dominated by centroid-based approaches such as
the popular algorithms k-means and fuzzy c-means, fol-
lowed by hierarchical techniques such as Ward’s method.
More recent and advanced techniques are underrepre-
sented. The two biggest clustering paradigms often co-
occur, confirming the earlier observation and the prac-
tical recommendation of Brusco et al. (2017) that k-
means and Ward’s method are best used in combina-
tion. While clustering plays an important role in a large
number of SC applications, the most prominent ones
are vehicle routing, network design, supplier selection,
and location planning, where clustering provides a fast
initial solution that reduces problem complexity and
facilitates subsequent optimisation; forecasting, where
a typical use case is a divide-and-conquer approach
that separates the data into homogeneous groups which
are easier to predict; and multivariate analysis, where
clustering helps to identify patterns in complex, high-
dimensional data. It is notable that for multivariate prob-
lems, hierarchical clustering is preferred over centroid-
based methods due to its geometric flexibility, robust-
ness and visual interpretability. As anticipated, it is
also the latter subdriver, multivariate analysis, in which
dimensionality reduction techniques are predominantly
applied. Researchers rely on linear techniques in par-
ticular to reduce data complexity and investigate causal
relationships.

4.2.6. Evaluation and impact of unsupervised
learning
Contrary to supervised and reinforcement learning, UL
does not have access to ground truth labels or a reward
signal. This complicates their evaluation and raises the
question how OR researchers quantify the performance
of UL techniques and their impact on the solution tech-
nique the authors propose. Out of 156 research articles,
82 papers disclose a numerical evaluation method for
their UL technique.

In clustering, performance criteria primarily aid in
legitimising the clustering result, determining the opti-
mal number of clusters and, if applicable, tuning other
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Figure 4. Number of articles per combination of supply chain subdriver and unsupervised learning subcategory. Labels of subdrivers
(resp. UL subcategories) belonging to the same driver (resp. UL category) are written in the same colour. Drivers from top to bottom:
facilities, information, inventory, sourcing, transportation. UL categories from left to right: anomaly detection, association rule mining,
clustering, density estimation, dimensionality reduction, generative methods.

hyperparameters. Merely tracking the objective func-
tion the clustering method aims to optimise, often
a dispersion measure like the within-cluster sum of
squares, is usually not reasonable, as it is monotonous
in the number of clusters. Performance metrics need
to make a more informed decision or balance different
metrics, often including the complexity of the model.
The most popular approaches are the elbow method
(Thorndike 1953) and silhouette coefficient-based met-
rics (Rousseeuw 1987). The elbow method is a graph-
ical analysis that plots a clustering objective like the
within-cluster sum of squares against the number of
clusters and determines the optimal number by iden-
tifying an elbow-like bend in the plot (Ge, Jin, and
Ren 2022; Kania et al. 2023; Kochakkashani, Kayvanfar,
and Haji 2023; Mitra, Saha, and Tiwari 2023; Murray,

Agard, and Barajas 2018; Nanayakkara et al. 2022; Shah-
bazbegian, Hosseini-Motlagh, and Haeri 2020; Sultan
and Mativenga 2019; Xu et al. 2023; Zhai et al. 2020). The
silhouette coefficient investigates how well each object
belongs to its assigned cluster by comparing their intra-
cluster distances to the distance to the neighbouring
cluster (Abdella et al. 2020; Bait, Marino Lauria, and
Schiraldi 2022; Ge, Jin, and Ren 2022; Xu et al. 2023;
Y. Wang, Assogba, et al. 2018; Yeo et al. 2022; Zhai
et al. 2020). Similar considerations that relate intra-
cluster similarity to inter-cluster dissimilarity are the
base for other quality indices like the Dunn index
(Dunn 1973) (cf. Abdella et al. 2020), the cluster valid-
ity index (Ayoub et al. 2007), the S-dbw validity index
(Garcia-Castro et al. 2022), the Calinski-Harabasz index
(Caliński and Harabasz 1974) (cf. Susanty, Tjahjono, and
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Sulistyani 2020) or the Davies-Bouldin index (Davies
and Bouldin 1979) (cf. Yoo et al. 2017). For a more
extensive overview of popular clustering indices, we
refer the reader to Desgraupes (2017). Some authors
also introduce new, sometimes problem-specific indices
(Chattopadhyay, Sengupta, and Sahay 2016; Daie and
Li 2016b; J. Liu et al. 2016; Jabbarzadeh, Fahimnia,
and Sabouhi 2018; Y. Li, Wang, and Li 2021; Y. Wang
et al. 2014; Yin, Khoo, and Tng Chong 2013). Other popu-
lar clustering metrics are connectivity (Brock et al. 2008)
(cf. Abdella et al. 2020), which focuses on clustering
neighbouring objects together, modularity (T. V. Nguyen
et al. 2020; Tsekeris 2021), which helps identifying com-
munities in networks, or simple rules of thumb that pre-
scribe a range for the optimal number of clusters based
on the number of data points (Maganha, Silva, and Fer-
reira 2019). Especially for model-based clustering tech-
niques, authors rely on statistical quality metrics such
as the likelihood-based criteria (Bask et al. 2013; Papa-
giannidis et al. 2018), ANOVA tests (Akman 2015) or
the Jensen-Shannon distance (Garcia-Castro et al. 2022).
For higher reliability, methods are often applied in com-
bination. This applies to both performance criteria, like
Ge, Jin, and Ren (2022), Xu et al. (2023), and Zhai
et al. (2020) who utilise the silhouette coefficient in
conjunction with the elbow method, and different clus-
tering techniques, like Ellis et al. (2018) who confirm
their k-means clustering result by running SOM or
Shou et al. (2018), who rely on both Ward’s method
and k-means (see also Brusco et al. 2017). The same
notion of increased reliability underpins the bootstrap-
ping approaches applied by Ellis et al. (2018), Singh,
Shukla, and Mishra (2018), and S. Wang, Wang, and
Chen (2022), among them the clusgap routine imple-
mented in R (Maechler et al. 2015), which construct mul-
tiple copy data sets by sampling with replacement from
the original data, cluster the copy sets and compare the
results.

To ensure the usefulness and importance of associa-
tion rules, researchers widely rely on the metrics support
and confidence, introduced in Section 4.2.2 (Antomar-
ioni et al. 2021; Ganesh and Kalpana 2022; Kappelman
and Sinha 2021; Liao, Hsieh, and Huang 2008; Ng, Ho,
and Wu 2023; Ozgormus and Smith 2020; T. V. Nguyen
et al. 2020 and others). Some authors complement these
two metrics by computing lift (Hahsler 2005) (cf. Ganesh
and Kalpana 2022; J. Wang and Yue 2017; Liao, Chen,
and Wu 2008; Liao, Hsieh, and Huang 2008; Ozgormus
and Smith 2020), and/or conviction (Brin et al. 1997) (cf.
Ganesh and Kalpana 2022). The lift of a rule computes
the ratio of the observed frequency of two itemsets occur-
ring together divided by their expected frequency assum-
ing they were independent. The conviction represents

the ratio of the expected frequency that the antecedent
occurs without the precedent if the two were indepen-
dent divided by the observed frequency of the antecedent
occurring without the precedent. These criteria have the
advantage of being readily calculable and easily inter-
pretable. On the other hand, practitioners need to set
custom thresholds below which rules are discarded. This
should be done by experts with domain knowledge in
the relevant application (J. Wang and Yue 2017; Vinodh,
Prakash, and Selvan 2011) and in line with the relevant
literature (Ozgormus and Smith 2020).

In dimensionality reduction and feature extraction,
the quality of an approach is measured by the share of
retained information. For principal component analy-
sis, for example, Pozo et al. (2012) and Rajesh (2021)
compute the amount of explained variance and utilise
the first n that achieve an aggregate explained vari-
ance above a pre-set threshold. To validate model-based
approaches like confirmatory factor analysis, researchers
confirm the model fit to the data by performing statis-
tical tests such as the Kaiser-Meyer-Olkin test (Cureton
and D’Agostino 1993), Bartlett’s test (Bartlett 1951) and
the normed χ2-test (cf. Rajesh 2021; Susanty, Tjahjono,
and Sulistyani 2020) or computing indices such as the
Root Mean Square Error of Approximation, Compara-
tive Fit Index, Goodness-of-Fit Index (Susanty, Tjahjono,
and Sulistyani 2020) and composite reliability (Shou
et al. 2018).

Often, if UL is one component in a model ensemble
or composite approach, the performance of the UL part
can not be separated distinctly from the performance of
the overall model. In some cases this has less weight, as
hyperparameters are selected to fit external constraints,
e.g. in a cluster-first route-second approach to vehicle
routing, the number of clusters is chosen to fit the number
of available vehicles (Nambirajan et al. 2016; Ramírez-
Villamil et al. 2023; Sultan and Mativenga 2019; Y. Wang,
Assogba, et al. 2018; Y. Wang et al. 2023, 2017). In other
applications, UL plays a pre-processing role in a super-
vised learning task such as regression or classification, or
model performance is tested on a separate data set that
has labels before being applied to the label-free target
data, allowing researchers to evaluate the performance
of the (overall) model using an appropriate supervised
learning metric such as RMSE, MAPE, precision, recall,
accuracy etc. (Deng et al. 2023; Grzegorowski et al. 2023;
H. D. Nguyen et al. 2021; Jianjia et al. 2021; Mehdi and
Starly 2020; Mitra, Saha, and Tiwari 2023; Mokhtarinejad
et al. 2015; Murray, Agard, and Barajas 2018; Y. Li, Wang,
and Li 2021 and others). In other applications, stan-
dard performance metrics do not apply and evaluation
is instead measured by the problem’s objective function,
such as total cost or CO2 reduction, often in conjunction
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with runtime (Dadouchi and Agard 2021; Menchaca-
Méndez et al. 2022; Mohseni and Saman Pishvaee 2020;
Mokhtarinejad et al. 2015; Nanayakkara et al. 2022; Qiu,
Ma, and Sun 2023; Ramírez-Villamil et al. 2023; Sultan
and Mativenga 2019; Ting et al. 2014; Yin, Khoo, and Tng
Chong 2013; Yoo et al. 2017).

Articles of the latter kind provide evidence what
impact UL has on model performance. At a second
glance, however, only 26 of the 156 research articles allow
to draw conclusions about the isolated impact of UL.
Other articles are unsuited because the utilised baselines
differ in multiple aspects from the proposed approach,
such that it is unclear which portion of the performance
gain should be attributed to the UL part (Aloui, Hamani,
and Delahoche 2021; Garcia-Castro et al. 2022, 2023;
Köseli et al. 2023; Nambirajan et al. 2016; Ozgormus
and Smith 2020; Qiu, Ma, and Sun 2023; Y. Wang
et al. 2023, 2017; Y. Wang, Zhang, et al. 2018), because
baseline models incorporate UL themselves (Dadouchi
and Agard 2021; Diaz et al. 2022; H. Lin, Lin, and
Wang 2022; Jianjia et al. 2021; M. Li, Wu, et al. 2020;
Menchaca-Méndez et al. 2022; Y. Li, Wang, and Li 2021;
Y. Wang et al. 2014), or because often articles simply do
not report a baseline performance to compare to.

Articles that do admit a detailed analysis of the impact
of UL can be divided into three groups. The most
prominently reported benefit of UL is an increase in
computational efficiency, i.e. decreased runtime (Aloui,
Hamani, and Delahoche 2021; Daie and Li 2016b; Fal-
lah et al. 2023; Garcia-Castro et al. 2022, 2023; J.
Liu et al. 2022; Mokhtarinejad et al. 2015; Nambirajan
et al. 2016; Pozo et al. 2012; Yang, Jiang, and You 2020).
This allows to solve small to medium problem instances
faster and obtain solutions to large problem instances
which cannot be solved by exact methods in acceptable
time. Some researchers investigate this effect explicitly,
such as Kappelman and Sinha (2021), who report time
savings that scale at least linearly with problem size;
(Khatami, Mahootchi, and Farahani 2015), who observe
a runtime decrease of 86% while remaining within 0.4%
of the optimal solution; Guan, Mou, and Sun (2022),
who report both a speedup of 32% and an optimality gap
decrease of 40% and Mitra, Saha, and Tiwari (2023), who
achieve a speedup of 1700% at the cost of a prediction
accuracy decrease of 27&. Articles that apply UL in an
exclusive way to solve a problem and are compared to a
non-UL baseline are most suited to analyse the impact
of UL. The gain of applying UL is measured in different,
problem-specific metrics. Chattopadhyay, Sengupta, and
Sahay (2016) report a 3.52% increase in grouping efficacy
from applying GHSOMs; Ding et al. (2022) observe a rev-
enue increase of 2.86% and 9.77% in conjunction with a
6.68% decrease in transportation cost; Xiao, Zhang, and

Kaku (2011) report the number of products classified
differently by their new ARM-based inventory classifi-
cation system, and Ting et al. (2014) evaluate their new
ARM-based quality assurance system over the period of
one year to find a 60% decrease in the product return
rate, a 45% reduction in inspection costs, reduction of
quality checks from twice to once per month and an
increase of 75% in the quality level of red wine products.
Finally, we analysed those articles which compare a UL-
based composite solution approach to a non-UL base-
line that only differs in leaving out the UL component
or replacing it by a traditional method. Abdirad, Krish-
nan, and Gupta (2022) report a 6.98% cost reduction
from including clustering approaches to solve a large-
scale VRP; Birisci and McGarvey (2022) achieve a 37.4%
savings of wasted food and 50.1% savings in CO2 equiv-
alent by incorporating demand uncertainty using kernel
density estimators; Mohseni and Saman Pishvaee (2020)
report a decrease in total cost when relying on support
vector clustering instead of traditional box-polyhedral
sets to construct uncertainty sets; Murray, Agard, and
Barajas (2018) achieves 3.62% decrease in RMSE when
using Ward’s method to cluster the data before making
forecasts; Nanayakkara et al. (2022) experience a cost
decrease of 40% and more stable solutions in response to
changing demand values when determining the poten-
tial locations for return collection centres by hierarchical
and k-means clustering instead of manual pre-selection;
H. D. Nguyen et al. (2021) detect anomalies in fashion
demand time series and achieve an increase of 0.0224 in
the F-score by incorporating pre-trained autoencoders;
Trapero, Cardós, and Kourentzes (2019a) observe bet-
ter cycle service level achievements and lower backorder
volumes when estimating demand uncertainty using ker-
nel density estimators instead of traditional methods like
GARCH and simple exponential smoothing, and Yeo
et al. (2022) incorporates k-means clustering into a sup-
ply chain design problem in the oil and gas industry
and reports a 44.45% reduction in distance per mass of
product transported.

We conclude that there are numerous, method-
specific performance criteria to gauge the quality of UL
techniques and tune their hyperparameters even in the
absence of ground truth labels. Approaches that stand
out are meta-approaches to increase UL reliability, like
the usage of multiple performance metrics, UL methods
or data sets. When part of a composite model, the over-
all objective can be used to evaluate the model including
the UL component, which opens UL up to supervised
learning metrics. The impact UL contributes to a solu-
tion approach is most popularly measured in increased
computational efficiency or a problem-specific objec-
tive functions like total cost. Just over half the articles
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Table 6. Classification of articles by data sources.

Category References

Primary data
Field research Chen et al. (2021), Jiang et al. (2021), Mehdi and Starly (2020), Ellis et al. (2018), and Weiser et al. (2016)
Surveys C. Bai, Sarkis, and Ibrahim (2023), Kumar et al. (2023), Mavi et al. (2023), Spieske et al. (2023), Bait, Marino Lauria, and

Schiraldi (2022), Coşkun, Kumru, and Maya Kan (2022), Dalalah et al. (2022), Luthra et al. (2022), Peppel, Ringbeck, and
Spinler (2022), Capelleveen et al. (2021), Rajesh (2021), Kara, Fırat, and Ghadge (2020), Kharlamov, Ferreira, and
Godsell (2020), Susanty, Tjahjono, and Sulistyani (2020), Wehrle et al. (2020), Maganha, Silva, and Ferreira (2019), Sultan and
Mativenga (2019), Ellis et al. (2018), Roßmann et al. (2018), Shou et al. (2018), Park and Kremer (2017), Akman (2015),
Hirschinger et al. (2015), Bask et al. (2013), Buttermann, Germain, and Iyer (2008), Liao, Hsieh, and Huang (2008), and Liao,
Chen, and Wu (2008)

Literature synthesis Deng et al. (2023), Luthra et al. (2022), Dutta et al. (2021), and Park and Kremer (2017)
Open data
National statistical offices Kochakkashani, Kayvanfar, and Haji (2023), Qin et al. (2023), J. Liu et al. (2022), Menchaca-Méndez et al. (2022), Capelleveen

et al. (2021), Wu et al. (2021), Abdella et al. (2020), Gao et al. (2020), Flores and Villalobos (2020), Shahbazbegian,
Hosseini-Motlagh, and Haeri (2020), Yang, Jiang, and You (2020), Nuss et al. (2016), Xie, Zang, and Qi (2016), Kagawa, Suh,
et al. (2013), Riviére and Marlair (2010), and Sheu (2010)

International organisations Bait, Marino Lauria, and Schiraldi (2022), R.-A. Lin and Ma (2022), S. Wang, Wang, and Chen (2022), Nikolopoulos et al. (2021),
Tsekeris (2021), Ruth et al. (2018), and H. Wang, Lu, et al. (2018)

Benchmark datasets Ramírez-Villamil et al. (2023), H. Lin, Lin, and Wang (2022), Nanayakkara et al. (2022), H. D. Nguyen et al. (2021), M. Li, Wu,
et al. (2020), Y. Wang, Zhang, et al. (2018), Chattopadhyay, Sengupta, and Sahay (2016), Yin, Khoo, and Tng Chong (2013),
and Xiao, Zhang, and Kaku (2011)

Web data Grzegorowski et al. (2023), Ganesh and Kalpana (2022), Yeo et al. (2022), Y. Li, Wang, and Li (2021), Nikolopoulos et al. (2021),
Wu et al. (2021), X. Wang et al. (2020), Singh, Shukla, and Mishra (2018), Papagiannidis et al. (2018), and Johnson and
McGinnis (2010)

Business games Yoo et al. (2017)
Commercial data
Commercial databases X. Bai et al. (2023), Ding et al. (2022), Kucukvar et al. (2019), Maganha, Silva, and Ferreira (2019), Sultan and Mativenga (2019),

Shou et al. (2018), Tokito (2018), and Buttermann, Germain, and Iyer (2008)
Proprietary data
Industry Garcia-Castro et al. (2023), Grzegorowski et al. (2023), Kania et al. (2023), Kochakkashani, Kayvanfar, and Haji (2023), Köseli

et al. (2023), Y. Liu et al. (2023), Mavi et al. (2023), Mitra, Saha, and Tiwari (2023), Ng, Ho, and Wu (2023), Qiu, Ma, and
Sun (2023), Ramírez-Villamil et al. (2023), Bait, Marino Lauria, and Schiraldi (2022), Birisci and McGarvey (2022), Coşkun,
Kumru, and Maya Kan (2022), Dalalah et al. (2022), Diaz et al. (2022), Garcia-Castro et al. (2022), J. Liu et al. (2022), Teng
et al. (2022), Aloui, Hamani, and Delahoche (2021), Antomarioni et al. (2021), Dadouchi and Agard (2021), Jianjia
et al. (2021), Y. Li, Wang, and Li (2021), H. D. Nguyen et al. (2021), M. M. Pereira and Frazzon (2021), Sabouhi, Saeed
Jabalameli, and Jabbarzadeh (2021), Tu et al. (2021), Kharlamov, Ferreira, and Godsell (2020), Mohseni and Saman
Pishvaee (2020), T. V. Nguyen et al. (2020), Ozgormus and Smith (2020), Shiau (2020), Tippayawong et al. (2020), S.-C. Wang,
Tsai, and Ciou (2020), Shahbazbegian, Hosseini-Motlagh, and Haeri (2020), Leung et al. (2019), Trapero, Cardós, and
Kourentzes (2019a, 2019b), Blackhurst et al. (2018), Ellis et al. (2018), Jabbarzadeh, Fahimnia, and Sabouhi (2018), J. Li
et al. (2018), Maghsoodi et al. (2018), Murray, Agard, and Barajas (2018), Govindan et al. (2017), C. K. H. Lee (2017), J. Wang
and Yue (2017), J. Liu et al. (2016), Khatami, Mahootchi, and Farahani (2015), Scarpel (2015), Bhattacharya et al. (2014),
Rodger (2014), Ting et al. (2014), Y. Wang et al. (2014), Masciari (2012), Pozo et al. (2012), Vinodh, Prakash, and
Selvan (2011), K. Zhao and Yu (2011), Ha and Krishnan (2008), and Liao, Chen, and Wu (2008)

Government Fallah et al. (2023), and Y. Wang et al. (2017)

included in this review evaluate the performance of the
applied UL technique, distinctly fewer quantify the iso-
lated impact of UL on the proposed solution approach.

4.3. Data sources

Data is a critical part of any ML task because the quality,
quantity and variety of data directly affects the perfor-
mance and reliability of ML models. Typical data in a
supply chain environment includes demand data, inven-
tory data, supplier data, production data, financial data,
technology data and external data on potential risks. In
a practical domain such as SCM, the use of representa-
tive data is particularly important to enable the transfer of
knowledge from academic studies to practice. We identi-
fied four main data sources: primary, open, commercial,
and proprietary data. Table 6 shows the classification of
articles by data sources. Some articles rely on artificial
data or do not disclose the origin of their data. These are

not considered further. The following paragraphs define
the categories and data sources.

4.3.1. Primary data
Primary data refers to original data collected to address
specific research questions or objectives. This type of data
is first-hand information that has not been previously
collected or analysed by others. There are several meth-
ods for collecting primary data, including field research,
literature synthesis, and surveys (see Table 6).

Field research is a research method that collects origi-
nal data directly from real-world settings to gain a deeper
understanding of a phenomenon. This approach is par-
ticularly common in the social and natural sciences, but
there are also some studies in the context of SCM. In par-
ticular, work on RFID often involves field research, for
example to measure tag read rates in different conditions
(Ellis et al. 2018). Data extraction from sensors in pro-
duction systems is also common, for example from 3D
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printers (Mehdi and Starly 2020). Another use of field
research is sampling to adapt supply chains to the char-
acteristics of specific products, such as medicinal plants
(Chen et al. 2021; Jiang et al. 2021). A specific use case is
the validation of research, such as the use of software to
analyse disease outbreaks (Weiser et al. 2016).

Surveys are a research method used to collect data
from individuals in order to gather information, opinions
or feedback on a specific topic. Strictly speaking, surveys
are already covered by field research, but due to their
particular relevance and high prevalence in this review,
we devote a separate subcategory to them. The main
methods are interviews and questionnaires. In SCM,
interviews are typically used to gather detailed expert
opinions, for example in Delphi surveys (e.g. Spieske
et al. 2023; Wehrle et al. 2020) or staff interviews (e.g.
Ellis et al. 2018; Kharlamov, Ferreira, and Godsell 2020).
Questionnaires aim to gather information from large
populations using structured questions and response
options. The target population is usually consumers (e.g.
Bask et al. 2013; Liao, Hsieh, and Huang 2008) or com-
panies (e.g. Shou et al. 2018; Susanty, Tjahjono, and
Sulistyani 2020).

Literature synthesis includes articles that aggregate
knowledge from existing literature in order to use it as
a basis for their research. This subcategory does not
include systematic literature reviews with the sole pur-
pose of presenting the state of the art (see Section 3.
Instead, some articles use literature synthesis as an alter-
native to field research or surveys. Some identify bar-
riers to technology adoption (Dutta et al. 2021; Luthra
et al. 2022) or sustainability indicators (Park and Kre-
mer 2017) from the literature. Another article crawls
research papers to construct a knowledge graph (Deng
et al. 2023).

4.3.2. Open data
Open data refers to information that is freely available to
the public without restrictions on access or use. This data
is often provided by government agencies, research insti-
tutions or other organisations with the aim of promoting
transparency, accountability and innovation. The dis-
semination of open data has gained significant momen-
tum in recent years, not only because global scientific
bodies have supported policies to promote public access
to research (Gewin 2016). Examples of open data include
government census data, environmental monitoring data
and economic indicators. The most common sources of
open data identified in this review are national statistical
offices, international organisations, benchmark datasets,
business games and web data (see Table 6).

National statistical offices are government agencies
responsible for collecting, processing, analysing and

disseminating official statistical data on various aspects
of a country. They collect data through censuses, sur-
veys and administrative records and provide data on
the socio-economic development of a nation, includ-
ing population, demography, economic indicators and
social factors. In particular, the agencies of the USA (e.g.
Abdella et al. 2020; Wu et al. 2021) and China (e.g. Xie,
Zang, and Qi 2016; Yang, Jiang, and You 2020) provide
much of the data used in the literature reviewed. Other
providers include Iran, France, the Netherlands, Mex-
ico, Taiwan, Japan and Malaysia. Particularly relevant for
SCM is demographic data (e.g. J. Liu et al. 2022), weather
data (e.g. Flores and Villalobos 2020; Yang, Jiang, and
You 2020, economic indicators (e.g. Wu et al. 2021) and
national input-output tables (e.g. Gao et al. 2020; Nuss
et al. 2016).

International organisations include both intergovern-
mental and non-governmental organisations. Both are
common providers of open data, especially at the global
level, which is beyond the scope of national statistical
offices. For example, data comes from the World Bank
(e.g. H. Wang, Lu, et al. 2018), the OECD (e.g. S. Wang,
Wang, and Chen 2022), the United Nations (e.g. H.
Wang, Lu, et al. 2018) and non-profit organisations (e.g.
Ruth et al. 2018). These data also include demograph-
ics (e.g. Nikolopoulos et al. 2021), international input-
output tables (e.g. Kucukvar et al. 2019; Tsekeris 2021),
GDP data (e.g. H. Wang, Lu, et al. 2018) or data on
COVID-19 (e.g. Nikolopoulos et al. 2021).

Benchmark datasets are standardised and well-
established datasets commonly used in the field of ML
and optimisation to evaluate the performance of algo-
rithms and models. These datasets serve as a common
ground for researchers and practitioners to evaluate the
strengths and weaknesses of different approaches in a
consistent and reproducible way. In particular, bench-
mark datasets are available for prominent problems
such as the vehicle routing problem. While Y. Wang,
Zhang, et al. (2018) uses the benchmark instances of
Solomon (1987), Ramirez uses those of the OR-library
(Beasley 1990). Another standardised problem is the cell
formulation problem, for which many benchmarks are
available (Chattopadhyay, Sengupta, and Sahay 2016; Yin,
Khoo, and Tng Chong 2013). Other sources of bench-
mark datasets include Kaggle (Nanayakkara et al. 2022)
and the UCI Machine Learning Repository (H. Lin, Lin,
and Wang 2022).

Business games are educational or training exercises
that simulate real-world business scenarios. These games
are designed to provide participants, such as students
or professionals, with a practical and experiential learn-
ing opportunity to develop and apply business-related
skills. Business games can take various forms, including
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simulations, role-playing exercises, and competitive sce-
narios. In the context of SCM, this subcategory mainly
includes competitions to test algorithms. The only exam-
ple uses a management game developed in their study
(Yoo et al. 2017).

Web data refers to other free information distributed
through websites or web applications, including text,
images and video. The web encompasses a vast amount
of data that is constantly evolving as new informa-
tion is added and existing content is updated. Sources
of high relevance to SCM include online news, social
media, mapping services and corporate websites. Yeo
et al. (2022) and Nikolopoulos et al. (2021) use geospatial
data from Google Maps and OpenStreetMap respectively
to determine distances between locations. Other arti-
cles gather information from sustainability reports (X.
Wang et al. 2020) or corporate websites (Papagianni-
dis et al. 2018). Some articles also rely on social media
data (Ganesh and Kalpana 2022; Singh, Shukla, and
Mishra 2018) or forums (Y. Li, Wang, and Li 2021).

4.3.3. Commercial data
Commercial data refers to data that is collected, pro-
cessed, and sold by businesses for various purposes,
including market research, targeted advertising, business
intelligence, and other commercial activities. This type
of data is often generated through transactions, interac-
tions and engagements with customers, as well as through
monitoring market trends and industry dynamics. Ven-
dors typically distribute commercial data through com-
mercial online databases with restricted access. There-
fore, we have identified commercial databases as the only
subcategory (see Table 6). There are several commercial
databases that provide data relevant to SCM, including
input-output tables (e.g. Tokito 2018), company regis-
ters (e.g. Sultan and Mativenga 2019), contact lists of
professionals (e.g. Buttermann, Germain, and Iyer 2008),
resource prices (e.g. Ding et al. 2022) and location data
(X. Bai et al. 2023).

4.3.4. Proprietary data
Proprietary data refers to data that is owned and con-
trolled by a specific individual, organisation or entity.
This type of data is considered private and is typically
not made available to the public or shared with external
parties without restriction. Proprietary data often con-
tains valuable, confidential or sensitive information that
provides a competitive advantage to the entity that owns
it. In SCM, the owners of such data are usually compa-
nies that generate data from their own operations and use
it for decision-making purposes. Sometimes the owners
are governmental institutions. Companies may choose to
share proprietary data with researchers to gain access to

expertise or to engage in collaborative research projects.
Researchers also benefit from collaborating with indus-
try because they want to tackle real problems to promote
their approaches.

Industry includes articles that use proprietary data
provided by industry for research purposes. The origi-
nal data are either not published or anonymised, so that
the results of the studies are mostly not verifiable. Indus-
try refers to all private companies. The main applications
identified in this review are manufacturing, trade and
transport. A detailed overview of the sectors is provided
in Appendix 3.

Government refers to proprietary data made avail-
able for research purposes by official institutions such as
national, state, provincial, municipal, military or similar
government organisations. It does not include publicly
available data provided by government, such as national
statistical offices. While national statistical offices are a
common data source in SCM, proprietary government
data is rarely used. Only Fallah et al. (2023) use data
from the Iranian Royal Crescent Society, and Y. Wang
et al. (2017) work with the Transport Planning Depart-
ment of Chongqing City, China.

5. Discussion

UL offers a wide range of techniques and has vari-
ous industrial applications. The following subsections
summarise our findings on applications, algorithms and
industrial dissemination, and compare the role of UL in
SCM with that of reinforcement learning, which has been
studied by Rolf et al. (2022) in a review article paralleling
ours.

5.1. Research question 1: applications

Having identified the supply chain drivers considered in
the literature sample (see Section 4.1), we can answer the
first research question which concerned the main appli-
cations of UL in SCM. A key finding is the diversity of UL
applications. The applications are spread across all func-
tions and planning horizons, highlighting the heteroge-
neous role of UL in the hierarchical planning process.
Figure 5 shows the supply chain drivers and tasks in pro-
portion to their occurrence in the literature sample. The
sample size (n = 232) is larger than the size of the liter-
ature sample because multiple assignments are possible.
Information is by far the most common driver in the lit-
erature sample with 101 articles, followed by Transporta-
tion, Inventory, Sourcing and Facilities. Pricing applica-
tions are the least common but still comprise 13 articles.
Overall, logistical drivers are slightly less common than
cross-functional drivers, indicating that researchers use
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Figure 5. Sunburst chart of supply chain drivers and tasks (n = 232). The width of each portion corresponds to the number of articles
classified in the respective category. For better readability, the following categories appearing in fewer than four articles do not have text
labels: Facilities: Layout planning (3); Inventory: Policy configuration (3), Single-echelon procurement-centric inventory management
(3), Supply chain scheduling (2), Single-echelon distribution-centric inventory management (1); Information: Forecasting (1); Pricing:
Pricing & financing (3). The following task abbreviations are used to enhance readability: ISD: Information system design, T&I: Tracking
& identification, P&PA: Prevalence & performance assessment, C&N: Collaboration & negotiation, MGIM: Multi-echelon global inventory
management.

UL more often for decision support functions than for
actual decision-making.

Another finding is the different nature of research and
target audience of the identified articles, especially in
the Information driver. Among its most prominent tasks,
Multivariate analysis, Prevalence & performance assess-
ment and Supply network science contain mostly stud-
ies that explore general developments and phenomena
in SCM rather than performing mathematical optimisa-
tion. This exploratory stream of research differs from the
typical firm-centred perspective of OR that dominates

the SCM literature. While OR typically aims to develop
new optimisation methods or apply existing methods to
new problems, exploratory approaches focus on deriving
knowledge about supply chains independent of individ-
ual firms. The target audience for such studies is not
only researchers, but also practitioners or policy-makers.
Therefore, the findings presented in these articles are not
directly applicable to decision-making in industry, but
can support the planning process. For example, a study
on the state of reconfigurability in the manufacturing
sector (Maganha, Silva, and Ferreira 2019) may reveal
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the competitiveness of a company compared to its com-
petitors. Policy-makers, for example, can benefit from
insights into barriers to sustainability implementation
(Dalalah et al. 2022; Dutta et al. 2021; Luthra et al. 2022)
in order to remove them or adjust incentives.

The logistical drivers include primarily classical opti-
misation problems such as inventory management, vehi-
cle routing or location planning. Some articles focus
on a single task, while others combine several tasks
in comprehensive mathematical models, for example as
location-allocation problems (location planning and net-
work design) or inventory routing problems (vehicle
routing and inventory management). Some models also
integrate sourcing decisions, in particular supplier selec-
tion. A key finding regarding logistical drivers is the
strong focus on global, cooperative scenarios which is
evident in tasks at all planning levels, including location
planning, network design and inventory management.
Almost all articles assume full information about the
decision alternatives and other parameters. This assump-
tion conflicts with uncertain market environments and
limited information sharing between enterprises which
is still present in real supply chains. As these circum-
stances make decision problems far more complex, we
can emphasise a crucial research gap which still ham-
pers the transfer to the industry. Especially in inventory
management this finding is interesting because global
and local scenarios are equally common in reinforcement
learning applications (Rolf et al. 2022). One reason for
this gap may be the agent-based modelling approach of
reinforcement learning, which has synergies with com-
petitive scenarios. Contrary, the use of UL in inventory
management is fundamentally different. Its main applica-
tion is the clustering of locations or uncertainty scenarios,
which requires full visibility and control over the entire
supply chain.

Although UL algorithms may be difficult to explain
with intuitive rules, especially with high-dimensional
problems, the observed applications across planning lev-
els in SCM are much more diverse than for reinforcement
learning. One reason for this may be the wide applicabil-
ity in pre- or post-processing which makes UL suitable
as a decision aid even for strategic decisions. In addition,
the barrier to implementation is low, as many algorithms
are readily available from open-source libraries and do
not require much fine-tuning. Reinforcement learning
requires much more effort to adapt the algorithm to the
specific environment. It is therefore suitable for tasks with
a short planning horizon, a high frequency of decisions
and fixed decision alternatives. Typical tasks where these
characteristics can overcome the lack of interpretability
of black-box approaches are inventory management and
transport planning (Rolf et al. 2022).

5.2. Research question 2: algorithms

The second research question concerns the prevalence
of UL algorithms in SCM and aims to identify the most
important ones (see Section 4.2). Figure 6 shows the
considered UL categories and subcategories proportional
to their frequency in our literature sample. An arti-
cle using several techniques from different categories or
subcategories is counted several times, while one arti-
cle (Bakhtadze and Suleykin 2021) is ignored because
the applied ARM technique is not specified and hence
the subcategory is missing, resulting in a total sample
of n = 200. With 134 articles, clustering is by far the
most prominent category, followed by the roughly equally
represented categories dimensionality reduction & fea-
ture extraction and ARM. Anomaly detection is applied
less frequently, the rarest categories are density estima-
tion and generative methods. Two important reasons
for the dominance of clustering are the simplicity and
accessibility of many clustering algorithms, which is espe-
cially true for the most popular ones such as k-means,
Ward’s method and fuzzy c-means (see Figure 7(a)).
These methods are easy to understand, have low com-
putational complexity and are readily available in many
software packages, which promotes their usage. Further-
more, clustering is a very versatile technique. Researchers
employ clustering techniques to visualise their data, to
reduce the complexity of their problem, to engineer
features or for a simply descriptive purpose to get an
overview of the data (see Section 4.2.3), while other
UL categories have a much narrower, more specific pur-
pose. We emphasise that we do not conclude that the
other UL categories are less relevant than clustering, but,
for the above reasons, simply appear less frequent in
our sample. We can also infer from Figure 6 that non-
binary ARM techniques have become equally important
as binary ones, showing the evolution of the field from
its original application in market basket analysis to other
fields such as process mining. We feel that model-based
density estimation techniques are still quite common
in the inventory and forecasting literature and may be
underrepresented in our sample, as the respective arti-
cles do not mention UL or density estimation explic-
itly and thus fail to match our search string. Further-
more, the chart demonstrates the predominance of tradi-
tional techniques such as centroid-based and hierarchical
clustering or linear dimensionality reduction over more
advanced methods such as model- and density-based
clustering or non-linear dimensionality reduction. This
finding is corroborated by Figure 7(a). Apart from the
popularity of the traditional methods k-means, fuzzy c-
means, agglomerative clustering, PCA and FA, the figure
shows that the traditional apriori algorithm remains
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Figure 6. Sunburst chart of UL classes and subclasses (n = 200). Each article can fall into multiple class-subclass categories. The width
of each portion corresponds to the number of articles classified in the respective category. For better readability, the following cate-
gories appearing in fewer than three articles do not have text labels: Anomaly detection: Domain-based (2), Reconstruction-based (2),
Information-theoretic (1); Density estimation: model-based (1); Generative methods: Other (2). The following abbreviations are used
to improve readability: DR & FE: Dimensionality reduction & feature extraction, DE: Density estimation, GM: Generative methods, RS:
Recommender system.

more popular than the more recent FP-growth, even
though the latter is known for its superiority (Kumb-
hare and Chobe 2014). The finding confirms the claims
of Brusco et al. (2012) and Brusco et al. (2017), who
observe the dominance of traditional clustering methods
in OR and the relatively slow adoption of more advanced
methods, and extends it from clustering to UL in SCM in
general.

Figure 8(a) provides an overview of the number of
articles and UL categories over time. In general, we
observe that the popularity of anomaly detection and
ARM remains fairly constant, while the recent increase of

UL in SCM is due to the other four categories. Interest-
ingly, there are no relevant articles published before 2007,
suggesting that this is a fairly recent area of research. The
fact that all articles on generative methods, which include
the more advanced techniques of recommender systems
and GANs, are from 2021 or later reflects the above find-
ing that newer methods are slowly being adopted by OR
researchers. Similar statements apply to other UL cate-
gories, e.g. all the three articles using AEs are from 2020
or later. This observation is not true for clustering, where
the traditional centroid-based and hierarchical methods
still dominate.
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Figure 7. Classification of articles in terms of (a) UL algorithms and (b) roles of UL. Each article can employ multiple algorithms (each
algorithm is countedonce), but the roleULplays in anarticle is unique. (Disc.) apriori algorithmcountsboth thediscretisedand the regular
version of the algorithm. The following abbreviations are used to improve readability: AD: anomaly detection, C: clustering, Disc: discre-
tised, FA: factor analysis, PCA: principal component analysis. (a) Unsupervised learning algorithms (n = 201) and (b) Role of unsupervised
learning (n = 156).

The role UL plays in an article is portrayed in Figure
7(b). The use of UL is considered supplementary when a
UL algorithm plays a minor role in solving a problem or
answering a research question. Mehdi and Starly (2020),
for example, apply kernel density estimation, k-means
clustering and principal component analysis in post-
processing to analyse and visualise their results. The sup-
plementary category is by far the rarest, but it may be
underrepresented, as articles of this category may not
mention UL explicitly and hence fail to match our search
string. The role of UL is considered collective if it plays
an important part but does so in an ensemble of meth-
ods of which at least one vital approach is non-UL, or
if it solves only a subset of the problems. Most arti-
cles fall into this category. A typical application can be
found in transportation, where customers are assigned to
vehicles or depots using a clustering algorithm, and the
simplified vehicle routing problem is solved by another
method in a subsequent step, or in supplier selection,
where suppliers are pre-clustered into coarse categories
to facilitate the subsequent selection problem. Finally,
the role of UL is considered exclusive if a UL method
solves the considered problem or answers the central
research question directly and single-handedly. While
clustering can be applied in this fashion, e.g. in Kumar
et al. (2023) to identify the crucial resilience factors in
healthcare supply chains, techniques from the fields of
anomaly detection and especially ARM are more typical
to solve a given problem directly. Indeed, with 77%, 65%
and 50% of articles in the collective category respectively,

clustering, dimensionality reduction and density estima-
tion techniques are often only one step in a sequence of
approaches, while anomaly detection, ARM and genera-
tive methods appear mostly in the exclusive category with
50%, 62% and 80% respectively.

Finally, we can investigate the frequency with which
UL categories and supply chain drivers co-occur. In
Figure 8(b), the light bars indicate the number of articles
in a given supply chain driver category that are expected
to use a UL category assuming the two are uncorrelated,
while the dark bars show the actual number. We can
deduce that clustering algorithms are positively corre-
lated with Transportation and Facilities, a major reason
for which is the use of clustering as a means of complex-
ity reduction for vehicle routing, location selection and
stochastic optimisation problems. A second important
observation is the positive correlation of the Information
driver with dimensionality reduction techniques. There
are two UL applications that occur disproportionately
often in this sector. Firstly, problems are likely to be of
a high-dimensional nature requiring data reduction as
a means of data preprocessing, and second, researchers
often wish to identify key factors from a large set of cor-
related variables, requiring an interpretable factor extrac-
tion technique such as FA.

In conclusion, our analysis in this section and the find-
ings detailed in Section 4.2, most notably Sections 4.2.5
and 4.2.6, result in the identification of the following
research gaps regarding the application of UL in SCM
that researchers should address in the future:
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Figure 8. Evolution of UL in SCM over time and distribution of UL categories over SC drivers. (a) Number of articles (n = 168) and UL
categories (n = 178) over time and (b) Number of expected (light) and actual (dark) articles employing an UL algorithm by supply chain
driver.

(1) While we acknowledge that a solution method needs
to match the problem in question and should never
be adopted for the sake of its novelty alone, we
observe an over-representation of traditional UL
techniques and a very slow adoption of novel meth-
ods. OR researchers have analysed the lack and ben-
efit and promoted the usage of modern UL tech-
niques in the past (Brusco et al. 2012; Van Der
Maaten, Postma, and van den Herik 2009), and our
results confirm their claims. Recent advancements

in ML, including UL methods, make the adoption
of state-of-the-art techniques even more urgent and
promising.

(2) Even in the absence of ground truth labels, there
are numerous performance metrics to tune, evalu-
ate and legitimise UL techniques. Nonetheless, only
about half of the articles included in this review
perform a rigorous evaluation. To take advantage
of the full potential of UL, promote a systematic
and standardised usage and foster transparency and
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comparability, researchers need to evaluate their
techniques more thoroughly.

(3) In recent years, ML, and with it UL, has attracted
significant attention. To avoid UL being adopted by
OR researchers for its popularity alone, identify the
best-performing methods and foster the adoption
of UL in SCM, the isolated impact of UL needs to
be analysed, quantified in terms of OR key perfor-
mance indicators and compared to traditional solu-
tion techniques. This is best done by using UL as an
exclusive solution technique or comparing a com-
posite model to a baseline that only differs in the
UL component. In our study, such an analysis is
performed by only 26 of 156 research articles.

5.3. Research question 3: Industrial maturity

After identifying the main applications and algorithms,
we assess the maturity of UL for industrial use, which
is the focus of the third research question. As indus-
trial maturity depends on several factors, a precise
assessment based on research articles is difficult. There-
fore, we use data sources (see Section 4.3) and sectors
(see Appendix 3) as indicators of industrial maturity.
The data sources used in an article indicate whether
a model has been or could be applied to an indus-
trial scenario, as industrial problems tend to have com-
plex data and a larger scale than simulated problems in
academia. Another indicator is the specificity of a model
or algorithm, which we evaluate through the sectors tar-
geted by the studies. A model tailored to a specific sector
is more likely to take into account its unique constraints
and characteristics, which in turn indicates a higher level
of maturity.

Industrial maturity is an issue of particular impor-
tance in SCM and OR because industrial progress and
dissemination are the main principles of these fields, jus-
tifying their existence. Academia and industry are inter-
dependent when it comes to research progress. Industry
has an interest in adopting novel methods from academia
to improve decision-making and operations. In order to
develop these methods, academia needs in-depth knowl-
edge of the current challenges and needs of industry.
Therefore, data sharing and the use of real-world sys-
tems when modelling problems is a key requirement to
enable the eventual transfer of algorithms from academia
to industry. However, the complexity of industrial prob-
lems often poses a significant challenge to state-of-the-
art algorithms and requires pushing the boundaries of
current research.

Figure 9 shows the distribution of data sources
and sectors. Only 30 studies of the literature sample

(n = 180) are based on artificial data, while 150 articles
rely on external data sources. Our definition of artificial
data includes data that were either self-generated by the
authors of the corresponding article or the data source
was not reported. The key aspect of this definition is
the dependence of the data on the authors of the study,
since the problem and the solution have the same source.
This characteristic makes such studies prone to bias. In
other categories, there may also be data of artificial origin,
such as benchmark datasets, but these are independent
of the authors. We therefore consider the results of stud-
ies based on non-artificial data to be more robust and
reliable.

The high prevalence of non-artificial data sources
indicates a relatively high maturity of UL algorithms, as
they are frequently applied to external data. However, this
finding should not obscure the fact that the gap between
SCM research and industrial needs is still large because
most models do not represent real-world complexity.
Proprietary data is the primary data source found in 62
articles of the literature sample, primarily including data
from industry. Especially the use of open data in 43 arti-
cles is to be welcomed due to the need for transparency
and reproducibility that has been called for in research
recently. The high prevalence of primary data can be
mainly attributed to exploratory articles conducting sur-
veys. Although these data are collected for the purpose
of the study, we recognised high standards of reporting
the data acquisition process and bias prevention in many
articles. While contributions based on artificial data in
OR can still be valuable, other disciplines heavily rely
on real-world data, for example exploratory studies that
conduct surveys. These articles, which make up a decent
share of the literature sample, are another reason why
real-world data is common in our review. In contrast,
Rolf et al. (2022) found that 66% of reinforcement learn-
ing applications used artificial data. We believe that the
higher complexity of reinforcement learning algorithms
is responsible for this disparate pattern, indicating a lower
maturity.

The evaluation of sectors reveals another aspect of
the potential dissemination. Models tailored to specific
use cases are important because sectors have different
requirements that must be considered in the models,
for example perishability in food supply chains or high
quality and compliance standards in healthcare supply
chains. It is important to note that non-artificial data
does not indicate the affiliation with a specific sector.
Studies using non-artificial data can still consider generic
models, while models based on artificial data can take
into account sector-specific constraints. We find that
most articles focus on the sectors with extensive flows



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 1965

Figure 9. Classification of articles in terms of (a) data sources and (b) sectors. Each article is assigned one unique sector but can use
multiple data sets from different sources. Reviews are ignored. (a) Data sources (n = 180) and (b) Sectors (n = 156)

of goods where SCM is traditionally important, namely
manufacturing and retail. Another minor focus are trans-
portation and storage mainly represented by logistics ser-
vice providers or warehouses, and the primary industry.
Generic models that do not target a specific industry are
also common. We attribute this finding to the field of
exploratory studies which often evaluate general issues in
SCM on a high level.

6. Managerial insights and future research
directions

In 2024, the rise of AI, big data and business analytics
solutions shows no signs of slowing down. In fact, recent
breakthroughs in Large Language Models appear to be
accelerating the global revenue growth seen in recent
years (Brynjolfsson, Jin, and McElheran 2021). While
supervised learning and reinforcement learning are a
major focus of SCM research, UL is mostly found in a
supporting role. This review has confirmed this impres-
sion, as the application of UL is mostly limited to simple
clustering algorithms. However, data preparation is still a
crucial step within the ML pipeline, and UL has several
potential applications in this area. For example, clustering
can cleanse data by filtering outliers or adding miss-
ing values (e.g. based on the centroid method). Another
application is the aggregation or simplification of data
through dimensionality reduction, which is often used as
a pre-processing step to facilitate the use of supervised or
reinforcement learning algorithms.

At the heart of any ML pipeline is the inference
engine that makes predictions or decisions. Although

this primary AI model is usually based on supervised
or reinforcement learning, there are some problems in
SCM where UL may be a reasonable choice for decision-
making. A typical stand-alone application of clustering
is greenfield analysis, where the optimal location of one
or more facilities needs to be identified. In this example,
clustering can discover the optimal locations of facilities
by calculating the centre of gravity. Another promising
application is the decomposition of problems into sev-
eral smaller sub-problems by UL. An example is the
vehicle routing problem, which typically consists of allo-
cation (assigning demand points to tours) and sequenc-
ing (routing) problems. Clustering can be an effective
method for solving allocation problems in certain situ-
ations, especially when the allocation depends solely on
similarity measures. Some articles rely on clustering to
assign customers to delivery areas in the context of the
vehicle routing problem, while other articles present UL-
based approaches for distributing production processes
across company locations in the supply chain. Finally,
UL can also support decision-making as an interme-
diate analysis module that goes beyond pure data pre-
processing. For example, some articles suggest using UL
to identify critical nodes in a supplier network. Identify-
ing these nodes could be useful in deciding which nodes
are relevant, for example in supply chain reconfiguration
problems with the aim of increasing the resilience of a
supply chain. Another example is the analysis of rela-
tionships and patterns in customer ordering behaviour.
In this context, UL can be used to identify correlations
and hidden dependencies in the order quantities of differ-
ent products. This knowledge can then be used to adjust
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the forecast of production and shipment quantities of the
same products. By considering data post-processing, UL
can generate additional or more comprehensive insights.
The principles used here are the same as those used
in data pre-processing, such as aggregating results to
improve their interpretability. In this context, UL can
also be used to prepare data for visualisation, for exam-
ple to illustrate highly complex supplier networks and
relationships at a higher level.

From a management perspective, the emergence of
deep learning may not yet have led to disruptive inno-
vations in the application of UL to SCM problems. From
an economic perspective, the desire to use UL as a stand-
alone solver for a variety of SCM problems seems rea-
sonable: On the one hand, UL does not require expensive
data labelling, and on the other hand, it tends to converge
much more robustly compared to highly complex rein-
forcement learning approaches. However, our research
indicates that the necessary methodological innovations
that would enable UL to solve highly complex prob-
lems on its own have not yet been achieved in the SCM
domain. On the other hand, we believe that the poten-
tial for breakthroughs does exist. For example, Large
Language Models, whose training is primarily based on
UL, have fundamentally advanced the capabilities of ML
models. The variety of applications discovered by users
could lead to speculation that Large Language Mod-
els are becoming some kind of general purpose prob-
lem solver. At this point, this speculation is certainly
an exaggeration that cannot be scientifically substanti-
ated. However, it serves to illustrate the unexpected leaps
in progress that are possible in the field of UL, pro-
vided that appropriate training methods are designed
with the domain in mind and combined with the right
ML models. Based on the findings of this system-
atic review, we outline the main managerial insights as
follows:

(1) Add UL to the ML pipeline for pre-processing: UL
is a valuable complementary tool for data prepa-
ration and pre-processing. Several studies have
shown that integrating UL into the ML pipeline
can improve solution quality or reduce computation
time.

(2) Leave decision making to supervised and reinforce-
ment learning: UL is rarely an alternative to super-
vised and reinforcement learning, which still domi-
nate AI applications in SCM. The potential for using
pure UL approaches in decision-making is limited to
very specific problems such as location selection.

(3) Use UL for data visualisation and interpretation:
UL can facilitate data visualisation and interpreta-
tion, helping managers and other stakeholders to

understand complex and high-dimensional data sets
more easily.

(4) Use UL for quick wins: Most UL algorithms are robust
and easy to apply because they are well researched
and do not require expensive data labelling. These
characteristics make them suitable for achieving
quick and noticeable results with relatively minimal
effort.

7. Conclusion

In this article, we conducted a systematic literature review
based on the PRISMA statement to provide a general
picture of UL algorithms and applications in SCM. Our
review includes 168 articles and reviews from high-
impact journals. Based on the literature sample, we have
proposed a hierarchical classification framework that cat-
egorises articles by supply chain drivers, UL algorithms,
data sources and sectors. The novel framework aligns
with recognised academic and industrial taxonomies and
extends the work of Rolf et al. (2022).

We found that applications of UL span all functions
and planning levels of the hierarchical planning scheme
of SCM. The most common application is information
processing, including Multivariate analysis, Forecasting
and Prevalence & performance assessment. Another com-
mon domain are typical optimisation problems from OR,
such as Inventory management, Network design, Location
planning or Vehicle routing. In SCM applications, cluster-
ing is by far the most prominent UL algorithm. Tradi-
tional methods such as k-means, fuzzy c-means, hierar-
chical clustering, PCA and FA still dominate the field of
UL because they are simple, robust and readily available
from open source libraries. More advanced methods such
as AEs, recommender systems or GANs are slowly being
adopted and do not seem to have made a breakthrough in
SCM. Unlike other ML paradigms, UL is mainly in a sup-
porting role. Many algorithms have already been applied
to real data, especially from industry, national statistical
offices or surveys. The high prevalence of non-artificial
data indicates a relatively high maturity of UL algorithms
in SCM, especially when compared to the low adoption
of reinforcement learning (Rolf et al. 2022). Some stud-
ies are even tailored to sectors with specific requirements,
such as food or healthcare.

Our review has several limitations. We may have
missed relevant contributions from conference papers or
niche journals due to the search strategy used. However,
the breadth and diversity of the research field makes it
impossible to systematically review all contributions in
a single review article. Therefore, we aimed to provide
a comprehensive overview of the field by considering
a literature sample that represents current applications,
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algorithms and industrial dissemination in high-quality
journals. Our review can serve as a starting point to delve
deeper into specific applications, which would require
refining the search terms depending on the field. For spe-
cific applications and algorithms, we refer the reader to
the literature reviews discussed in Section 3. Another
limitation is that we cannot guarantee the completeness
of the classification framework. It only includes cate-
gories that appear in at least one article in this review
or in the previous review by Rolf et al. (2022). Other
articles outside the literature sample may include addi-
tional important categories such as scheduling, staffing
or equipment selection.
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Appendices

Appendix 1. Citation network of the literature
sample

Figure A1 shows the largest connected component of the cita-
tion network of the literature sample. Each node represents a
document, while the edges refer to citations. The citation net-
work was created using VOSviewer (Eck and Waltman 2010).
Although the applications of UL in SCM are diverse, the cita-
tion network is relatively dense. The largest connected compo-
nent consists of 47 articles in 11 clusters. The size of the nodes
indicates the number of normalised citations, while the colours
represent clusters based on the standard clustering algorithm
of VOSviewer. The citation network also includes some of the
reviews from our literature sample (Brusco et al. 2017, 2012;
Raza, Govindaluri, and Bhutta 2023; T. Nguyen et al. 2018;
Tsolaki et al. 2023), but their low degree underlines their dif-
ferent scope.
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Figure A1. Citation network of the literature sample (largest connected component).

Table A1. Overview of publications employing popular centroid-based clustering techniques.

Centroid-based clustering algorithm References

K-means C. Bai, Sarkis, and Ibrahim (2023), Fallah et al. (2023), Kochakkashani, Kayvanfar, and Haji (2023), Kumar et al. (2023),
Qin et al. (2023), Ramírez-Villamil et al. (2023), Y. Wang et al. (2023), Abdirad, Krishnan, and Gupta (2022), Bait,
Marino Lauria, and Schiraldi (2022), Coşkun, Kumru, and Maya Kan (2022), Diaz et al. (2022), Garcia-Castro
et al. (2022), Ge, Jin, and Ren (2022), Guan, Mou, and Sun (2022), Nanayakkara et al. (2022), Yeo et al. (2022), Aloui,
Hamani, and Delahoche (2021), Chen et al. (2021), Jiang et al. (2021), Nikolopoulos et al. (2021), M. M. Pereira and
Frazzon (2021), Sabouhi, Saeed Jabalameli, and Jabbarzadeh (2021), Abdella et al. (2020), Kara, Fırat, and
Ghadge (2020), Gao et al. (2020), Mehdi and Starly (2020), Shahbazbegian, Hosseini-Motlagh, and Haeri (2020),
Susanty, Tjahjono, and Sulistyani (2020), Tayal, Solanki, and Singh (2020), Tippayawong et al. (2020), S.-C. Wang,
Tsai, and Ciou (2020), Zhai et al. (2020), Kucukvar et al. (2019), Maganha, Silva, and Ferreira (2019), Sultan and
Mativenga (2019), Ellis et al. (2018), Maghsoodi et al. (2018), Papagiannidis et al. (2018), Shou et al. (2018), Y. Wang,
Zhang, et al. (2018), Y. Wang, Assogba, et al. (2018), Govindan et al. (2017), Yoo et al. (2017), Nambirajan et al. (2016),
Weiser et al. (2016), Khatami, Mahootchi, and Farahani (2015), Mokhtarinejad et al. (2015), Chang et al. (2014),
Thomassey (2010), Liao, Chen, and Wu (2008), and Yu and Wang (2008)

Fuzzy c-means Spieske et al. (2023), Peppel, Ringbeck, and Spinler (2022), S. Wang, Wang, and Chen (2022), Wehrle et al. (2020), C. Bai
et al. (2018), Jabbarzadeh, Fahimnia, and Sabouhi (2018), Roßmann et al. (2018), C. Bai, Dhavale, and Sarkis (2016),
Akman (2015), Hirschinger et al. (2015), Yin, Khoo, and Tng Chong (2013), and Ayoub et al. (2007)

Appendix 2. Unsupervised learning

A.1 Clustering

For expositional purposes, Table 5 only includes the articles
using less popular centroid-based clustering methods, exclud-
ing k-means and fuzzy c-means. Table A1 lists all articles
applying the latter two algorithms.

A.2 Density estimation

Density estimation utilises observed data to construct an
estimate of an unobserved probability density function. The
observed data points are assumed to be a random sample of
the population the density function is constructed for (Sam-
mut and Webb 2017). Similar to the case of association rule
mining, we are not aware of an agreed-upon taxonomy for
density estimation techniques. We therefore adopt the coarse
distinction between model-based and model-free techniques
that is also used in statistical anomaly detection techniques
(cf Subsection 4.2.1) and, in a density estimation context,
is especially popular in the inventory management literature

(Birisci and McGarvey 2022; Huber et al. 2019; Trapero,
Cardós, and Kourentzes 2019a, 2019b).

Model-based techniques assume the data to be generated by
a specific, parametric distribution or distribution family. In this
case, the problem of density estimation often reduces to finding
the parameters that best fit the assumed distribution to the data.
There is no article in our review that falls unambiguously in
this category. The traditional version of the technique applied
by M. Li, Wu, et al. (2020) requires a model-based assumption,
but the authors also propose a data-driven, model-free exten-
sion, which is why we discuss their approach in the section on
model-free techniques below.

Model-free techniques, on the other hand, do not rely on
such an apriori distribution assumption. The most well-known
model-free method for density estimation is kernel density esti-
mation (KDE). The term KDE is sometimes even used as a
synonym for density estimation (Sammut and Webb 2017).
A kernel is a window function, i.e. a non-negative, symmet-
ric function that is zero-valued outside of a chosen interval
and integrates to one. Common kernel functions are uniform,
parabolic (Epanechnikov) or Gaussian kernels. For a sample of
n random variates, KDE uses n kernels of the same kind, one
centred at each variate, and estimates the probability density
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function as the mean over these n kernels, thereby distributing
more of its weight to regions with more observations. KDE is
employed by Trapero, Cardós, and Kourentzes (2019a, 2019b)
and Birisci and McGarvey (2022) to estimate the forecast error
distribution in order to compute optimal stock levels, and
by Mehdi and Starly (2020) to visualise the distribution of
generated data. Other model-free approaches estimate other
characteristics of the distribution. The Kaplan Meier (KM) esti-
mator is a non-parametric method to estimate the survival
function from historic data. The value of the survival func-
tion at time t indicates the probability that an event occurs
after time t. The method is often used in medical research to
quantify the fraction of patients living for a certain amount of
time after treatment, or in SCM to estimate time-to-failure of
machines or stockout probabilities of products. Grzegorowski
et al. (2023) use the KM estimator to extract stockout-related
features (see also Subsection 4.2.4) which are then fed to a
supervised machine learning model to predict the demand for
items sold via vending machines. The article of M. Li, Wu,
et al. (2020) falls in both the model-based and the model-free
category. The authors perform sparse inverse covariance esti-
mation (SICE), a method to estimate the inverse covariance
matrix of data with a large number of dimensions and a small
number of samples. SICE can be a necessary step in probabilis-
tic modelling (e.g. a Gaussian distribution is parameterised by
the inverse covariance matrix) or it can be used to uncover
correlations of variables, as is done by M. Li, Wu, et al. who
reveal hidden relationships between nodes in economic net-
works. SICE aims to estimate a sparse matrix in order to avoid
picking up on spurious correlations, which is the main rea-
son for its applicability to low-sample-size data. The traditional
SICE approach relies on the model-based assumption that the
data follows a multivariate Gaussian distribution. M. Li, Wu,
et al. acknowledge that real data does not necessarily satisfy
this assumption and propose a data-driven extension based on
bootstrapping for non-Gaussian data.

A.3 Generative methods

The most prominent generative UL methods are recommender
systems and GANs (Bonaccorso 2019; Patel 2019). These meth-
ods learn the structure of the training data to consistently
fill missing entries or generate new instances that are ideally
indistinguishable from the original data (Patel 2019).

Recommender systems, ’one of the most successful applica-
tions of machine learning to date’, are used to predict user pref-
erences across various industries, e.g. for movies, music, books,
news, search, shopping, digital advertising, and in online dating
(Patel 2019). Internally, these systems keep an n × m matrix of
ratings from n users for m items. As most users only explic-
itly reveal their preferences for a small subset of items, the
user ratings matrix is typically sparse. Recommender systems
try to predict the missing ratings for a given user of interest,
called the active user. Techniques are broadly separated into
the categories collaborative filtering, content-based filtering
and hybrid methods (Dadouchi and Agard 2021; Sammut and
Webb 2017). Collaborative filtering systems are user-centred.
These methods recommend items based on the past ratings of
all users collectively. Content-based methods are focussed on
the product. They recommend items that are similar in content
to items the user has liked in the past, or match pre-defined
attributes of the user. Hybrid approaches combine elements

from both collaborative and content-based approaches (Sam-
mut and Webb 2017). Jianjia et al. (2021) propose a collab-
orative recommender system for medical services on a cloud
platform, utilising dynamic medical service resources and user
demand characteristics. Dadouchi and Agard (2021) integrate
operational constraints into the product recommendation sys-
tem of an e-retailer to shift demands towards products that
are more profitable and deliverable in time with the available
resources. The authors focus on how to adjust recommenda-
tions based on current constraints, and While a collaborative
filtering method is assumed, the exact nature of the recom-
mender system is secondary for their approach. Capelleveen
et al. (2021) build a content-based recommendation platform to
foster circular SCM by bringing together companies from dif-
ferent industrial sectors that can take advantage of each other’s
secondary outputs / waste. The system uses a custom formula
to recommend symbiotic relations between waste suppliers and
receivers taking into account concordance of waste preferences
and historical waste transfer volumes and frequencies.

A generative adversarial network is a neural network-based
technique for generative learning. One neural network, the gen-
erator, receives random inputs and attempts to generate new
samples that are stochastically indistinguishable from those in
the training set. Another network, the discriminator, attempts
to distinguish true training samples from generated ones. Dur-
ing training, both networks are pitted against each other and
continuously improve, until the generator produces samples
following the true training set distribution so closely that the
discriminator cannot distinguish true from generated samples
anymore. Deng et al. (2023) propose a top-down construction
method for an SCM event logic knowledge graph, leveraging a
two-stage GAN for active learning in entity recognition models.
(H. Lin, Lin, and Wang 2022) present a dynamic supply chain
member selection algorithm and utilise conditional GANs to
address the challenges of high-dimensional decision attributes
and limited data samples.

Appendix 3. Industrial sectors

SCM varies across different sectors due to the different nature
of their operations, products, regulations and customer expec-
tations. For example, aerospace and defence have complex,
multi-tiered supply chains, whereas the supply chain in agri-
culture may be more straightforward. Conversely, perishable
goods in agriculture require different handling than durable
goods in manufacturing. Another factor is regulation, which
can impose stringent requirements, such as in healthcare and
pharmaceutical supply chains. We use the Industrial Standard
Classification System (ISIC) maintained by the UN (2008) as
the fourth axis of the taxonomy. The ISIC provides a set of inter-
national standards and guidelines to facilitate the collection,
reporting and comparison of economic data across countries
and sectors. It classifies enterprises according to their main eco-
nomic activity using a hierarchical classification system con-
sisting of Sections (designated by the alphabetical letters A-U),
Divisions (2-digit numerical codes), Groups (3-digit numeri-
cal codes) and Classes (4-digit numerical codes). Some articles
provide only vague or no information about their scenarios.
Therefore, a partial classification in the upper hierarchies was
also possible. As the ISIC has 419 classes, manual classification
is difficult and time-consuming. Therefore, we used OpenAI’s
GPT-4 model to perform the classification based on a short
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Table A2. Classification of publications by industrial sectors.

Section Sector References

A Agriculture, forestry and
fishing

R.-A. Lin and Ma (2022), Chen et al. (2021), Jiang et al. (2021), Flores and Villalobos (2020), J. Li et al. (2018),
Singh, Shukla, and Mishra (2018), andAyoub et al. (2007)

B Mining and quarrying K. Zhao and Yu (2011)
C Manufacturing Garcia-Castro et al. (2023), Kania et al. (2023), Köseli et al. (2023), Y. Liu et al. (2023), Mavi et al. (2023), Mitra,

Saha, and Tiwari (2023), Ng, Ho, and Wu (2023), Bait, Marino Lauria, and Schiraldi (2022), Coşkun, Kumru,
and Maya Kan (2022), Dalalah et al. (2022), Garcia-Castro et al. (2022), Teng et al. (2022), Yeo et al. (2022),
Aloui, Hamani, and Delahoche (2021), Antomarioni et al. (2021), Dadouchi and Agard (2021), Jianjia
et al. (2021), Y. Li, Wang, and Li (2021), Rajesh (2021), Sabouhi, Saeed Jabalameli, and Jabbarzadeh (2021),
Tu et al. (2021), Wu et al. (2021), Kharlamov, Ferreira, and Godsell (2020), M. Li, Wu, et al. (2020), Maganha,
Silva, and Ferreira (2019), Mohseni and Saman Pishvaee (2020), Ren et al. (2020), Shahbazbegian,
Hosseini-Motlagh, and Haeri (2020), Shiau (2020), Susanty, Tjahjono, and Sulistyani (2020), Tayal, Solanki,
and Singh (2020), Yang, Jiang, and You (2020), Trapero, Cardós, and Kourentzes (2019a, 2019b), Blackhurst
et al. (2018), Jabbarzadeh, Fahimnia, and Sabouhi (2018), Maghsoodi et al. (2018), Murray, Agard, and
Barajas (2018), Tokito (2018), Govindan et al. (2017), J. Wang and Yue (2017), Daie and Li (2016b), J. Liu
et al. (2016), Nuss et al. (2016), Xie, Zang, and Qi (2016), Akman (2015), Khatami, Mahootchi, and
Farahani (2015), Scarpel (2015), Rodger (2014), Ting et al. (2014), Bask et al. (2013), Kagawa, Suh,
et al. (2013), Masciari (2012), Pozo et al. (2012), Vinodh, Prakash, and Selvan (2011), Riviére and
Marlair (2010), Lau et al. (2009), Buttermann, Germain, and Iyer (2008), Ha and Krishnan (2008), and Liao,
Hsieh, and Huang (2008)

D Electricity, gas, steam and air
conditioning supply

Tippayawong et al. (2020)

E Water supply; sewerage, waste
management and
remediation activities

Ge, Jin, and Ren (2022), Sultan and Mativenga (2019), and Capelleveen et al. (2021)

G Wholesale and retail trade;
repair of motor vehicles and
motorcycles

Grzegorowski et al. (2023), Qiu, Ma, and Sun (2023), J. Liu et al. (2022), Nanayakkara et al. (2022), Gumte
et al. (2021), H. D. Nguyen et al. (2021), M. M. Pereira and Frazzon (2021), T. V. Nguyen et al. (2020), Ozgormus
and Smith (2020), S.-C. Wang, Tsai, and Ciou (2020), Leung et al. (2019), Ellis et al. (2018), C. K. H. Lee (2017),
Bhattacharya et al. (2014), Xiao, Zhang, and Kaku (2011), Thomassey (2010), and Liao, Chen, and Wu (2008)

H Transportation and storage X. Bai et al. (2023), Qin et al. (2023), Ramírez-Villamil et al. (2023), Diaz et al. (2022), Peppel, Ringbeck, and
Spinler (2022), X. Wang et al. (2020), and Y. Wang et al. (2014)

I Accommodation and food
service activities

Birisci and McGarvey (2022)

Q Human health and social work
activities

Fallah et al. (2023), Kochakkashani, Kayvanfar, and Haji (2023), Kumar et al. (2023), Özener and Ekici (2018),
Weiser et al. (2016), and Sheu (2010)

description of the article provided by the authors. The results
were then manually checked by the authors to avoid hallucina-
tion. Table A2 shows the assignment of articles to sectors. The
following paragraphs define the ISIC sections and present the
relevant articles.

Agriculture, forestry and fishing includes activities related to
crop and animal production, forestry and logging, and fishing
and aquaculture (UN 2008). Articles in this section cover, for
example, supply chains for beef (J. Li et al. 2018; R.-A. Lin and
Ma 2022; Singh, Shukla, and Mishra 2018), vegetables (Flores
and Villalobos 2020) or biomass (Ayoub et al. 2007).

Mining and quarrying covers the extraction of minerals
from the earth, including the production of oil and gas, mining
of coal and lignite, extraction of metal ores, and quarrying of
stone, sand, and clay (UN 2008). The only article in this section
by K. Zhao and Yu (2011) deals with supplier selection for a
petroleum enterprise in China.

Manufacturing encompasses the production of goods rang-
ing from food and beverages to textiles, chemicals, machin-
ery and vehicles (UN 2008). SCM is a core component of
any manufacturing organisation, as it has a direct impact on
cost, quality, efficiency, responsiveness and sustainability. Con-
sequently, most of the case studies focus on manufacturing
companies. A few product groups receive particular attention
in the literature, including food and beverages (e.g. Khar-
lamov, Ferreira, and Godsell 2020; Köseli et al. 2023; Mitra,
Saha, and Tiwari 2023), automobiles (e.g. Akman 2015; Kania
et al. 2023; Maghsoodi et al. 2018), electronics and appliances
(e.g. Khatami, Mahootchi, and Farahani 2015; Rajesh 2021;

Teng et al. 2022), resources (e.g. Murray, Agard, and Bara-
jas 2018; Nuss et al. 2016; Y. Liu et al. 2023) and chemicals
(e.g. Coşkun, Kumru, and Maya Kan 2022; Dadouchi and
Agard 2021; Garcia-Castro et al. 2022).

Electricity, gas, steam and air conditioning supply involves
the generation, transmission, and distribution of electricity,
gas, steam, and air conditioning (UN 2008). Tippayawong
et al. (2020) consider the operation of a biomass power plant
in Thailand.

Water supply; sewerage, waste management and remedia-
tion activities includes water collection, treatment and supply,
sewerage, waste collection, treatment and disposal, and reme-
diation activities (UN 2008). This section includes three articles
dealing with the selection of business partners in the waste
industry (Capelleveen et al. 2021), the positioning of recycling
centres (Sultan and Mativenga 2019) and hydrogen distribution
(Ge, Jin, and Ren 2022).

Wholesale and retail trade; repair of motor vehicles and
motorcycles involves the sale and repair of goods, including
vehicles, and activities of wholesalers and retailers (UN 2008).
Wholesale and retail trade is another sector of high relevance to
SCM, mainly covering the downstream parts of supply chains
where companies trade and distribute finished goods. The case
studies consider e-commerce businesses (e.g. J. Liu et al. 2022;
Nanayakkara et al. 2022; T. V. Nguyen et al. 2020) and distri-
bution through physical stores (e.g. H. D. Nguyen et al. 2021;
Ozgormus and Smith 2020; Qiu, Ma, and Sun 2023).

Transportation and storage encompasses the provision of
transport services, storage, and support activities related
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Table A3. Overview of renamed tasks in the supply chain taxonomy.

Old label New label

Customer-driven replenishment Single-echelon procurement-centric inventory management
Supplier-driven replenishment Single-echelon distribution-centric inventory management
Global order management with complete information Multi-echelon global inventory management
Global order management with incomplete information Multi-echelon local inventory management

to transportation (UN 2008). In the context of SCM, we
have identified two major settings: last-mile delivery (Diaz
et al. 2022; Peppel, Ringbeck, and Spinler 2022; Ramírez-
Villamil et al. 2023; Y. Wang et al. 2014) and port operations (X.
Bai et al. 2023; Qin et al. 2023; X. Wang et al. 2020). Last-mile
delivery refers to the final step of the delivery process where
a product is transported from a transportation hub to its final
destination, whereas ports are important for transshipment in
the preceding stages.

Accommodation and food service activities includes the pro-
vision of short-stay accommodation and food and beverage
serving activities (UN 2008). We have identified a single arti-
cle considering a supply chain for institutional food services
(Birisci and McGarvey 2022).

Human health and social work activities includes healthcare
provided by trained professionals, hospital activities, medi-
cal and dental practice, and other health activities along with
social work activities without accommodation (UN 2008). In
particular, pharmaceutical supply chains for hospitals are an
area of research with a number of contributions, as shortages
are more critical than in regular supply chains. For exam-
ple, Kochakkashani, Kayvanfar, and Haji (2023) and Kumar
et al. (2023) consider inventory management and resilience
in health care operations. Another relevant area is emergency
logistics (e.g. Fallah et al. 2023; Sheu 2010).

Appendix 4. Changes to the taxonomy

We originally proposed the taxonomies of supply chain drivers
and data sources in a previous literature review on rein-
forcement learning applications in SCM. The categories were
defined based on the earlier literature sample, which was only
a subset of the large domain of supply chain management lit-
erature. In this review, we found that unsupervised learning
applications cover a much more heterogeneous set of articles
than the field of reinforcement learning. Of course, this is only
apparent in retrospect. Taking into account the entire literature
sample from both reviews, we revised the supply chain taxon-
omy to include more applications. The aim of the revision was
to reduce the subjectivity of the classifications by formulating
more precise and delimited task definitions, while improving
the weaknesses of the previous version.

A.4 Supply chain drivers

The first axis of the taxonomy is based on the supply chain
driver framework of Chopra (2019). The revision includes the
following three measures:

(1) We have added new tasks that were identified during this
literature review. The new tasks are Policy configuration,
Layout planning, Location planning, Network design, Mul-
tivariate analysis, Information system design, Prevalence &
performance assessment, Supply network science and Track-
ing & identification.

(2) We have renamed some tasks of the Inventory driver to
comply with the common wording of inventory man-
agement regarding number of echelons, perspective and
information exchange. Table A3 shows the old and new
task labels.

(3) We have aligned the task classifications with commonly
accepted research streams based on definitions supported
by the literature. Table A4 shows an overview of the old
tasks and their substitutes in the new version of the taxon-
omy.

A.5 Data sources

The revision of the third axis of the taxonomy includes the
following measures:

• We have added new data sources that were identified dur-
ing this literature review. The new data sources are Field
research, Surveys, Literature synthesis, National statistical
offices, International organisations, Benchmark datasets, Web
data and Commercial databases.

• We have renamed the categories Public data and Institutional
data to Open data and Proprietary data to streamline the cat-
egories. They now distinguish four types of data accessibility
which is an important consideration for researchers when
choosing which data to use.

• We made the definitions of some data sources more precise.
Table 5 shows an overview of the old data sources and their
substitutes in the new version of the taxonomy.
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Table A4. Overview of adjusted task definitions in the supply chain taxonomy.

Old classification New classification Explanation

Transportation bidding Pricing & financing Transportation bidding includes special scenarios where several logistics service providers
compete for transport orders by submitting bids. As the focus is not on transportation, we
integrate this task into pricing & financing. Furthermore, there are only a few articles dealing
with this topic.

Collaboration, Human
behaviour evaluation

Collaboration &
negotiation

We have included Collaboration and Human behaviour evaluation in the more general
Collaboration & negotiation task because they deal with similar concepts.

Risk management Various Risk management is a common objective of many tasks in the Information driver. Therefore,
we have removed this task from the taxonomy and classified articles that focus on risk
management based on their actual task, such as forecasting or multivariate analysis.

Supplier segmentation Network design,
Multi-echelon global
inventory management,
Multi-echelon local
inventory management

Supplier segmentation included splitting orders between primary and backup suppliers. This
task was rarely considered in the previous review, but is a common domain for unsupervised
learning. We classify this task as inventory management or network design, depending on
the planning horizon and specific decisions made.

Vehicle scheduling Vehicle routing, Supply
chain scheduling

The literature considers vehicle scheduling as part of the vehicle routing problem, but not as a
separate stream of research. Therefore, we classify models as vehicle routing with time
windows if they just consider additional constraints for routing. In the case of articles with
fixed transport networks that focus on the scheduling aspect of transport systems, we
classify them as supply chain scheduling.

Platooning configuration Supply chain scheduling We consider platooning configuration to be a special case of supply chain scheduling, as it is
too specific to be a separate category. The focus of the only paper in this category was on
scheduling vehicles to optimise platooning capabilities.

Network flow routing Multi-echelon global
inventory management,
Multi-echelon local
inventory management

We classify this task as multi-echelon inventory management because the difference between
discrete and flow-based material flow is not significant in most case studies.

Market simulation Market segmentation The aim of market simulation is to assess the price sensitivity of customers in order to meet
their specific needs. Market segmentation covers this task.

Table A5. Overview of adjusted data source definitions in the supply chain taxonomy.

Old classification New classification Explanation

SCM competitions,
Online games

Business games We integrate these tasks because they both have the aim to simulate real-world business scenarios for
educational or training exercises.

Academic literature – We do not consider academic literature as a separate data source anymore. Instead, we traced data
sources from references to other academic papers back to their origin and classify them accordingly.

Open data National statistical offices,
International organisations,
Benchmark datasets, Web
data

The high prevalence of open data in this review required a more granular classification. Therefore, we
add Open data as a new category and assign four subcategories to it.
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