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Abstract
Research interests in machine learning (ML) and supply chain management (SCM) have yielded an enormous amount of 
publications during the last two decades. However, in the literature, there was no systematic examination on the research 
development in the discipline of ML application, in particular in SCM. Therefore, this study was carried out to present the 
latest research trends in the discipline by analyzing the publications between 1998/01/01 and 2018/12/31 in five major data-
bases. The quantitative analysis of 123 shortlisted articles showed that ML applications in SCM were still in a developmental 
stage since there were not enough high-yielding authors to form a strong group force in the research of ML applications in 
SCM and their publications were still at a low level; even though 10 ML algorithms were found to be frequently used in SCM, 
the use of these algorithms were unevenly distributed across the SCM activities most frequently reported in the articles of 
the literature. The aim of this study is to provide a comprehensive view of ML applications in SCM, working as a reference 
for future research directions for SCM researchers and application insight for SCM practitioners.

Keywords Machine learning · Supply chain management · Algorithms · Research trends · Application

1 Introduction

With the development of digitization, information, robotics, 
communication technology, and Artificial Intelligence (AI), 
the world is undergoing an age known as the “fourth indus-
trial revolution” [42], which possesses a distinctive feature 
that machines gain intelligence to make decisions instead 
of human brain. Machine Learning (ML) is one of these 
techniques, which concern with the development and appli-
cation of computer algorithms that “learn” from the experi-
ence [86]. ML was originated from the growing ability over 
the last two decades that machines could handle huge input 
information, and some machines could even find out the hid-
den patterns and complex relationships to make appropri-
ate and reliable decisions where human beings could not, 

especially for disruptive and discontinuously information. 
The literature revealed that the machines could provide more 
accurate results than human beings in many domains of deci-
sion-making and even started to replace them [80] for e.g. 
cancer prediction and prognosis [24], drug discovery [71], 
and genetics and genomics [68].

The need to make decisions for uncertainty is an impor-
tant issue in supply chains (SCs) [40]. Besides the large 
number of decisions, supply chain management (SCM) 
also suffers from uncertainty or information asymmetry, 
which is described as “bullwhip effect” of the upstream 
amplification in the demand variability. Therefore, it is 
hard to achieve an accurate preparation for each entity. In 
other words, the decision-making process in the flow of 
goods and service alongside SCM contains many com-
plex decision-making processes and information barriers. 
ML really constitutes a real asset for SCM. First, ML is 
able to describe the non-linear relationship while tradi-
tional methods are not, for the training model of ML better 
describes how the output (y) changes with the input (x). In 
a non-ideal SC, the parameters associated with multiple 
explainer variables cannot be described exclusively by a 
linear model. For example, in a traditional demand-predic-
tion model, the alcoholic beverage sales were thought to 
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be related to temperature alone, which could be described 
by linear model Y = a + bX . However, research also found 
that other factors affected alcoholic beverage sales like tax 
policy [34]. When two factors are considered simultane-
ously, their relationship becomes nonlinear. In this case, 
ML has its advantages over a traditional linear model. 
Second, ML is able to deal with unstructured data sets 
where traditional models fail [90]. For instance, traditional 
linear regression model requires a sample size larger than 
the number of features in the data sets. However, a small 
company usually fails to gain enough sample size for their 
SC records. Third, ML and its core constructs are suit-
able for a better SCM performance prediction. If taking 
the strengths of unsupervised learning, supervised learn-
ing and reinforcement learning into consideration, ML is 
extremely effective in continually seeking the key factors 
most effecting SC performance. Forth, with the help of 
visual pattern recognition across a SC network, ML is able 
to explore a lot of potential applications in maintenance 
of physical assets and physical inspection. Although the 
applications of ML have so many merits and expectation of 
its application is high, and even some studies do indicate 
that ML has penetrated in SCM including Neural Networks 
[39], Support Vector Machine [11], Logistic regression 
[74], Decision Tree [30], and Extreme Learning Machine 
[81], a study recently reported that ML, with one or more 
SC functions, has been applied to merely 15% enterprises 
[78]. The inadequate use of ML in SC might be caused by 
the poor understanding of how ML could be applied, the 
low acceptance in company culture, and the inability to 
obtain suitable data. Thus, a systemic review is in urgent 
need to quantitatively analyze the latest research trends, 
to explore the ML algorithms frequently used in SCM, 
and to figure out the SCM activities most suitable for ML.

In order to provide a general picture of ML applications 
in SCM and to bridge the gaps between ML and SCM, 
this paper will systemically review the research trends 
by analyzing the publications in five major international 
databases, and will then explore the frequently used ML 
algorithms in SCM and the SCM activities often aided by 
ML algorithms as a reference for future research direc-
tions for SCM researchers and application insight for SCM 
practitioners.

This paper is consisted of five sections with the present 
section as the first. The second section will give a brief intro-
duction to the background of ML algorithms applications in 
SCM and the third will introduce the research methodology 
of this study. The results are shown in the fourth section. The 
fifth section will present the conclusion that includes major 
findings, the limitations in this study and the suggestions for 
further research.

2  Literature review

In a modern era, digitization of shopping has reshaped 
customers’ purchasing and buying habits, and then caused 
demands and sales information to become more disrup-
tive and discontinuous than ever. These changes require 
business organizations involved to catch up to maintain 
their competitiveness by avoiding demand uncertainty 
and financial risk. Thus, a fluent SC to acquire materials, 
convert materials into finished goods, and deliver goods o 
customers is the key capability to success for an organiza-
tion in the global competition [38]. In order to increase the 
key capability in upgrading the visibility along the SC, a 
lot of leading-edge organizations will share their data with 
their SC partners (e.g. inventory, selling data) and SCM 
is becoming more and more data-intensive. Realizing the 
increasing significance of data in SC, SCM researchers 
and practitioners have tried out every possible means to 
improve their data management along the SC to give better 
decisions [83]. One of these means is ML that has been 
applied for many years but is still far from being fully 
utilized in SCM.

The poor application of ML to SCM might be mainly 
due to the shortage in understanding of the latest develop-
ment in ML algorithms, that is, in the knowledge of tax-
onomies or guidelines for SCM researchers and practition-
ers in selecting the right ML algorithms for the right SCM 
activities. Therefore, the main objectives of this study are 
to lucubrate on clarifying the research trends and the ML 
applications in SCM by analyzing the available research 
articles.

No systematic reviews have been found which were 
entirely devoted to the ML applications in SCM, but a 
number of articles [83, 89]; Francisco 2017; [105] on AI 
applications in SCM have mentioned ML algorithms as 
common mathematical modelling techniques, shedding 
some light on the ML applications in SCM.

Min [83] was the first author who conducted a review 
on AI applications in SCM. The author based on his or 
her personal knowledge of algorithms, selected 28 articles 
on the links between AI tools and SCM activities, and 
extracted seven AI tools and reviewed their applications in 
eight SCM activities. Although some ML algorithms like 
Neural Networks (NNs) were mentioned as mathematical 
modelling techniques in the paper, they were put in a par-
allel place with AI. In addition, Min took a conservative 
attitude to ML and even to AI. According to the review, 
both AI and ML could provide better prediction results for 
specific, narrowly focused SCM issues, but their solutions 
were very difficult for ordinary decision-makers to follow 
suit. Different from Min [83] in selecting the articles, Ngai 
et al. [89] objectively retrieved five databases and obtained 
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77 articles from 1994 to 2014 for reviewing the status quo 
of the applications of seven AI techniques in the SCM 
of textile and apparel industry. The results of this review 
claimed that the gaps between AI techniques and SCM 
were caused by the unbalanced applications of certain ML 
algorithms like NNs, for the unbalance increased the risk 
of hindering research-directed development of the indus-
try. Although the articles in this review were selected in an 
objective way, the ML algorithms were listed out of seven 
AI techniques in a subjective way. Besides, Ngai et al. took 
textile and apparel industry for all the industries involving 
SCM, which was a partial representation. With the similar 
approach adopted by Ngai et al. in selecting the articles, 
Francisco (2017), in another review study, included more 
articles published over a longer time span. Moreover, the 
author created a framework to classify the 84 shortlisted 
articles from 1995 onwards by the types of applications, 
data source etc. This review took a pessimistic view to 
the applications of AI, for its results showed that AI took 
up only 11.9% of all the techniques in the evaluation of 
SCM performance’ and thus ML algorithms were regarded 
merely as mathematical modelling techniques which had 
not yet linked independently with the evaluation of SCM 
performance. With an optimistic attitude towards the 
applications of AI and the ML algorithms in SCM, Syam 
and Sharma [105] carefully reviewed the approaches that 
changed the decision-making process in the sales pre-
diction from the perspective of the applications of AI 
and ML algorithms under the background of the “fourth 
revolution”. The results obtained in the paper confirmed 
that AI and the ML algorithms had a great impact on the 
routine, standard and repeatable SCM activities, but still 
Syam and Sharma claimed that it had a long way to go 
to fully replace human-decisions in SCM with AI or ML 
algorithms.

The articles reported above did take some snapshots of 
the ML applications in SCM, but they all failed to present a 
systematic review over multiple parameters. To be specific, 
the limitations of the previous studies could be mainly sum-
marized as follows.

First, all the articles focused on the applications of AI 
in SCM one way or another, but none of them was devoted 
to systematically reviewing the developing trends of ML 
applications in SCM. Surely, these articles are not able to 
present a panorama view of ML applications in SCM for 
SCM researchers and practitioners. Second, the ML algo-
rithms were selected and analyzed in a subjective way in 
traditional literature review only by searching the ML algo-
rithms’ keywords [83, 89], which would miss some articles 
with certain less frequently used ML algorithms, particu-
larly the frequency of the each ML algorithm could not be 
obtained statistically in a reasonable way for the time being. 
The worst of all, the applications of ML algorithms were 

not well linked with the SCM activities in these studies, for 
which there might be two major reasons. One is that the ML 
algorithms were not clearly defined, or the relations between 
AI and ML algorithms were not clearly justified in particu-
lar; the other is that the industries involving SCM activities 
were not fully covered and discussed.

Therefore, to remedy these gaps, this study attempts to 
address the following three research questions:

1. What are the general research trends of ML applications 
in SCM?

2. What ML algorithms are frequently used in SCM?
3. In what activities of SCM are these frequently-used ML 

algorithms distributed?

3  Research methodology

This section will closely address the research questions in 
order as listed above.

First, as for the research trends of the ML applications 
in SCM, the relevant articles published on the ML applica-
tions in SCM are to be collected and retrieved, and then 
analyzed in a descriptive way in terms of publication year, 
top journals, top countries, top industrial sectors, active 
authors, research designs employed, and leading universities 
involved. Next, the ML algorithms employed in the articles 
are identified and statistically ranked by the frequency of 
their use in SCM. Finally, in response to the distribution 
of the frequently-used ML algorithms in SCM activities, 
the features of each ML algorithm are analyzed, and then 
the applications of these features are to be explored in six 
typical SCM activities, that is, demand/sales estimation, 
procurement & supply management, production, inventory 
& storage, transportation & distribution, and supply chain 
improvement.

3.1  Article selection process

This study will take a structured approach to filter the stud-
ies to be included in the systematic review. The collected 
studies are to be analyzed by a variety of variables in order 
to present a comparatively complete picture of the ML appli-
cations in SCM.

To achieve this aim, the majority of the articles were col-
lected from the following six academic databases: Emerald 
Insight (www.emera lingh t.com), IEEE Xplore (ieeexplore.
ieee.org), Scopus (www.scopu s.com), Science Direct (www.
scien cedir ect.com), Wiley (https ://onlin elibr ary.wiley .com) 
and Springer (https ://link.sprin ger.com), and a small part 
of the articles were obtained as an addition using Google 
Scholar (scholar.google.com) to ensure a complete cover-
age of the collection. The string—“machine learning” AND 

http://www.emeralinght.com
http://www.scopus.com
http://www.sciencedirect.com
http://www.sciencedirect.com
https://onlinelibrary.wiley.com
https://link.springer.com


 International Journal of Machine Learning and Cybernetics

1 3

“supply chain management” was employed for retrieving the 
articles in databases, and publications with these specific 
terms in their title, abstract or keywords were considered 
roughly qualified ones. As indicated in Fig. 1, the number of 
articles targeted amounted to 2,114,888. Despite the search 
specifications, there were still some unwanted publications, 
and then Filter 1 was introduced. For the first filter, such 
publications as short surveys, conference papers, and book 
chapters were excluded because they were not specified for 
treating the research questions. This visual search process 
gave a closer view to the theme and after the first filter, 
307,727 articles were left for the second filtering. Since 
the concept of ML applied in SCM first emerged in 1998, 
second filter reduced the collection down to 250,478 ones 

published between 1998/01/01 and 2018/12/31. There were 
still too many articles for a review study; therefore the third 
filter was set to select the first, as a common practice, 500 
results out of each data base, then five experts were asked to 
further select the ones that were best qualified for address-
ing those research questions during the fourth filter, and 156 
articles were left. Finally, this study obtained 123 articles 
from 75 journals after deleting duplicated ones at the fifth 
stage.

3.2  Justification of the selection process

3.2.1  Rules for selecting the theme

AI, Big data, ML and ML algorithms are four related tax-
onomies often used in SCM. However, ML, as a subset 
concept under the umbrella term AI and an independent 
research domain, is often mingled by people with the other 
three. Since this paper is to review how ML, and the ML 
algorithms, in particular are applied in SCM, ML is to be 
specially distinguished from the other three taxonomies, as 
indicated in Fig. 2.

As seen in Fig. 2, ML is a subbranch of AI that equips 
the machines with the capability to automatically learn from 
the data existing with no specific programming. Arthur 
Samuel was the first one to coin the term “Machine Learn-
ing” in 1959 [8]. He pointed out that ML was the study 
of algorithms and mathematical models that computer sys-
tems used to progressively improve their performance on 
a specific task. Tom M. Mitchell’s famous definition has 
been wildly quoted: “A computer program is said to learn 
from experience E with respect to some class of tasks T and 
performance measure P if its performance at tasks in T, as 

Fig. 2  Terms related to ML 
(Paraphrased from Huawei 
Enterprise Support Community)

AI

Decision Tree (DT)

Random Forest (RF)

K-means 

k-Nearest Neighbor (KNN) 

Logistic Regression (LR)

Naive Bayes Classifier (NBC)

Neural Networks (NN) 

Support Vector Machine (SVM) 

Ensemble Algorithms (ESM)

Extreme Learning Machine 

(ELM)

Big Data

ML Algorithm
For Training 

Planning and Scheduling

Expert Systems

Multi-Agent Systems

Evolutionary Computation

Fussy Logic and Rough Set

Machine Learning

Knowledge Representation

Recommender Systems

Robotics and Perception

Five Databases-SD, Scopus, IEEE, EI, Google Scholar

Keyword used- “Supply Chain Management” & 

“Machine Learning” 

Inclusion- “Journal articles” 

Exclusion- “Conference paper, short survey, book chapter, etc.”

Refine-Refine the search results by the year of 1998 

Select- The first 500 results of each data base 

Select- papers dealing with ML algorithms in SCM. 

The selection was based on the analysis of the title, 

abstract and keywords of each paper. 

Eliminate- duplicated results 

2,114,888 articles 

307,727 articles 

250,478 articles 

3,500 articles 

156 articles 

123 articles 

Fig. 1  Process for selecting papers
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measured by P, improves with experience E.” Unfortunately, 
this wildly-cited definition caused confusion by messing up 
AI with ML. Although it was an accurate conception at his 
age, with the development of all the intelligent methods, 
ML becomes an independent research branch. The status of 
ML, ML algorithms being the existing models for ML, is 
now in parallel to other AI tools like Expert Systems, Fussy 
Logic and Rough Set. To make it clear, Fig. 2 is thus drawn 
to clarify that ML is now only a part of AI, not the AI itself.

ML requires big sample size to train the examples, and 
big data sets are used to train ML models. However, the big 
data sets are not “big data analytic,” and data sets which 
are “big” today may become not “big” enough several years 
later, and therefore ML is not a Big data equivalence and this 
study excludes the analysis of the size of data sets.

ML algorithm is a subbranch of ML, which consists of 
the existing models of ML created by previous research-
ers and widely used by academic researchers and industrial 
practitioners. ML algorithms normally have packages exist-
ing in the popular programming languages. Their func-
tion relies heavily on the mathematical models built of the 
sample data. They make predictions or decisions with no 
explicitly programmed instructions to perform a specific 
task. They are able to be altered and assembled with other 
mathematical tools, but their core ideology does not change. 
According to the survey of Christoph [21], there were 32 
types of commonly recognized ML algorithms, and some 
frequently used ones are listed at the right side of Fig. 2: 
Decision Tree (DT) [25], Random Forest (RF), K-means 
[75], k-Nearest Neighbor (KNN), Logistic regression (LR) 
[37], Naive Bayes Classifier (NBC), Neural Networks (NN) 
[5], Support Vector Machine (SVM) [26], Ensemble Algo-
rithms (ESM), and Extreme Learning Machine (ELM). Out 
of these algorithms, this study is to explore what are the fre-
quently-used algorithms in SCM and how these frequently-
used ML algorithms are applied to SCM activities.

3.2.2  Identification of the algorithms frequently used 
in SCM

ML is known to explore the ways with the help of the com-
puters in acquiring knowledge directly from data and in 
learning to solve the problems [96]. Of course, ML solves 
the problems with various ML algorithms. In general, 
some ML algorithms were promoted by the neurological 
studies, some by the process controlling human evolution, 
and some by structural optimization instead of experience 
optimization. The basic methodological approach adopted 
by the research articles on the ML applications in SCM is 
to compare the the proposed model’s performance with the 
common ML algorithms [102]. In this case, there might be 
several ML algorithms involved in a single article.

In order to answer the second research question, three 
specialists in ML algorithms were invited to independently 
read the 123 shortlisted articles carefully and thoroughly, 
and then extracted the basic algorithms out of 32 commonly 
recognized ML algorithms by two rules. One was to define 
the “frequently used ML algorithms” as those that turned 
up at least twice in two different shortlisted articles, that is 
to say, those algorithms that only showed up once in a sin-
gle article were not regarded as “frequently used ML algo-
rithms.” The other rule was to exclude those articles that 
only made some comments on certain ML theories but did 
not employed any specific algorithms, e.g. the articles con-
cerning the building of Reinforcement Learning Models [84, 
88] were not regarded as “frequently used ML algorithms.” 
Two specialists would first read one shortlisted article and 
listed all the candidate algorithms extracted by the rules 
defined above. The extracted candidate algorithms that were 
identical between the two specialists were counted as the ML 
algorithms in this study. Those that were not identical were 
referred to the third specialist, and the three invited special-
ists discussed over the disparities and made a concordant 
decision. Finally, three specialists extracted and identified 10 
frequently used ML algorithms in total from the 123 short-
listed articles.

4  Results

Three sections are devoted to presenting the study results, 
that is, research trends, frequently used ML algorithms, and 
the distribution of the ML algorithms in SCM activities, 
with a summary specific to each research question at the 
end of each section.

4.1  Research trends

4.1.1  Year of publication

The 123 articles were shortlisted according to the year of pub-
lication over a period of 20 years (1998/01/01–2018/12/31). 
Although “Machine Learning” was a “new” concept re-
flourished toward the end of 1990s (Pat 2011), the appli-
cations, then, of ML algorithms in SCM were found to be 
very few. As shown in Fig. 3, the first peak appeared in 2008 
indicates a strong practice of ML in SCM. This peak came 
into existence around the financial crises (2008–2009), when 
both developed and developing economies tried to explore 
the possibility of new decision-making methods by machines 
instead of by human beings. Researchers and practitioners 
began to understand that ML was able to bring true value 
for SCM, because ML proved more accurate than human 
beings in performance. The second peak came in the recent 
2 years (2016–2017) because of the popularity of AI. The 
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ML applications in SCM covered studies on finance [125], 
food [30] and manufacturing [54] industries. However, the 
total number in publications (less than 20 articles each of the 
2 years) is still far from exciting, which indicates that ML is 
not being fully exploited and the attitude towards ML applied 
in SCM is still conservative.

4.1.2  Journals

Because ML and SC belong to different research domains, 
there exist a variety of journals for an article to be published. 
Table 1 presents the list of 15 different journals in which 
at least two articles concerning ML applications in SCM 
were published in terms of the year of publication. It is seen 

that a relatively high occurrence of publications was with 
Expert Systems with Applications (18.70%). Since 2002, this 
journal, with engineering background, has published a large 
number of articles on ML applications in SCM. This journal 
is also seen to be focused on the application of time-series 
modeling, intelligent algorithms and their applications. To 
strongly integrate ML with SCM, Int. J. Production Eco-
nomics has made its the second largest (4.88%) contribution 
to the ML applications in SCM. This might be caused by 
the superior performance in production demand forecast-
ing of ML. This journal has focused on reporting studies 
of Economics and Econometrics, Industrial Manufacturing. 
Besides, the fuzzy theory and soft computing have been the 
key searching tools in ML for SCM optimization. These two 

Fig. 3  The distribution of publi-
cations over years
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Table 1  Distribution of articles 
based on journals

Journals Numbers Percent (%)

Expert Systems with Applications 23 18.70
International Journal of Production Economics 6 4.88
Applied Soft Computing 5 4.06
Computers & Industrial Engineering 3 2.44
Decision Support Systems 3 2.44
Engineering Applications of Artificial Intelligence 3 2.44
European Journal of Operational Research 3 2.44
Journal of Manufacturing Technology Management 3 2.44
Applied Intelligence 2 1.63
Benchmarking: An International Journal 2 1.63
Electronic Commerce Research and Applications 2 1.63
Expert Systems 2 1.63
International Journal of Production Research 2 1.63
Neural Computing & Application 2 1.63
Transportation Research Part E 2 1.63
Others 60 48.78
Total 123 100.00
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key searching tools have been well-applied and discussed 
in Applied Soft Computing (4.06%), which has focused on 
computer science and its interdisciplinary applications.

4.1.3  Countries

Figure 4 reveals a wide coverage of publication for ML 
across 25 countries in the world. Among 123 shortlisted 
articles, China and USA led the research with 27 and 24 
articles published respectively. This trend is in accordance 
with the belief that a large economy with demands more 
SC resources. Based on the number of countries, we can 
find that only a small part of the countries are involved 
in this research, this can be caused by the hard entrance 
level of machine learning. China is contributing more to 
the improvement of ML algorithms for better prediction 
performance in SCM by using the hybrid of multiple ML 
algorithms [32, 91, 117], while U.S scholars are trying to 
explore the possibility of the ML applications in more indus-
trial sectors and cases [13, 58, 95]. Iran ranked the 3rd, this 
is accordant with its major export of natural resources and 

its levels of the machine learning researches. The countries 
that followed China and USA, Iran are Turkey, Korea, UK, 
Taiwan, India and Germany, which contributed a lot for the 
theoretical building of ML applications in SCM. The other 
countries listed in Fig. 4 are Malaysia, Finland, Austria, 
Chile, France, Greece, Norway, Serbia, Switzerland, whose 
adoption of ML in SCM research is comparatively low.

4.1.4  Research design

As the convention, the research design is analyzed based on 
either data sources for training ML algorithms (Francisco 
et al. 2017) or the learning methods [105] that ML belongs 
to.

According to data sources (presented in left plot of 
Fig. 5), the research design is further divided into six cat-
egories: specialists’ judgments, data based on other studies, 
case study, historical data, simulated data, and historical 
data combined with simulated data. As indicated in Fig. 5, 
simulated data are the prime choice of research design in 
the ML applications in SCM (50%), followed by historical 
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data (33%), and the mix of the research with a historical data 
(9%). The specialists’ judgments, data based on other stud-
ies, and case study take up relatively small parts (2%, 2%, 
and 4% respectively). As we know, the research in supply 
chain shared a tradition of focusing on theoretical model-
ling. The researchers in this domain would rather address the 
simulation data than the historical data of a practical signifi-
cance in SC. To the mind of these researchers, the historical 
data were sometimes bad in quality and difficult to collect.

Based on the learning methods, the research design is 
classified into supervised learning, unsupervised learning 
and reinforcement learning. Supervised learning was defined 
by Gareth et al. (2013) as the data sets having the “right 
answers,” indicating that a bunch of input variables and their 
corresponding output variables are given to the machine. In 
unsupervised learning, the data sets are provided unstruc-
tured data and are not correspondingly related to “right 
answers.” In other words, unsupervised learning requires the 
model to find the relationship itself. The difference between 
reinforcement learning and supervised learning focuses on 
the need for neither presenting the correct input/output pairs, 
nor explicitly correcting sub-optimal actions. Also, unlike 
unsupervised learning, focusing on performance or hidden 
patterns, reinforcement learning involves in keeping explo-
ration (of uncharted territory) and exploitation (of current 
knowledge) in balance [50].

As shown in the right plot of Fig. 5, the most frequently 
used research design is supervised learning (87%), and the 
second and third ones are unsupervised learning (8%) and 
reinforcement learning (5%). Supervised learning takes the 
largest share because human beings feel easy in manipu-
lating by telling a machine right from wrong, while to 
manipulate the unsupervised learning and reinforcement 
learning is really time-consuming for these research designs 
are brand-new to most of the researcher in this domain. 
Although the unsupervised learning only takes up 8% of 
all the articles, the ideas presented by the articles in this 
category shed some light, because unsupervised learning is 
able to spot the weakness of SCM in advance while human 
beings are not. For instance, Ha and Krishnan [43] used 
the neural clustering method, which performs unsupervised 
learning, to score each of the suppliers according to their 
performance. Compared with human decisions judged by 
experience; their model detected each supplier’s advantages 
and weaknesses according to different criteria automatically 
and stably. Maleki and Cruz-Machado [77] used BNC to 
spot the performance weaknesses of the supply chain. BNC 
was found in the research to have learned the structures and 
parameters of supply networks and drawn inferences quite 
efficiently, which had never been achieved by human beings. 
SCM today is in urgent need for a new operating platform 
or architecture to make predictions on real-time data, and to 
offer SCM patterns and insights which have been invisible 

in the past with traditional analytic tools. ML will surely 
become an essential element in future SC platforms or archi-
tectures to revolutionize every aspect of SCM.

4.1.5  Industries

Industries play a key role in contributing to a nation’s econ-
omy. Every research appears to be incomplete if its applica-
tions are invisible and the research does not contribute to the 
development of the nation’s economy [27]. That is to say, it 
is extremely significant for the research to identify how the 
ML can be applied across different industries.

As seen in Fig. 6, the grocery and food industries domi-
nate the ML applications in SCM, followed by the automo-
tive and fashion industries. This is different from the conclu-
sion drawn by Francisco et al. (2017), which indicated that 
automobile took the first place and fashion industry took 
the second place in the ML applications in SCM. It reveals 
that ML applications has displayed a trend shifting from 
automobile and fashion industries towards other industries. 
That the grocery industry took the lead may be because ML 
combined with the traditional technologies used across SC 
operations is able to greatly low inventory and operations 
costs, and shorten response times to customers. And accord-
ing to Brandenburg et al. [9], food industries need to possess 
an effective and efficient logistic performance because their 
products are perishable. Therefore the food industry taking 
the lead may be justified by food safety regulations and the 
increasing need for its transparency. SCM is a prior choice 
because food safety should be monitored and tested at every 
SC step. ML can be employed for easily tracking food prod-
ucts from farm to consumer to provide transparency. Also, 
more accurate forecasting with ML adds value to pricing and 
inventory of food industries. Similar to Francisco’s conclu-
sion, automobile and fashion also applied ML a lot because 
they were highly-customized industries with low inventory 
turnover [117]. As also is seen from the total number of 
publications, the ML applications in SCM are still very low 
in other industries.

4.1.6  Leading universities

As indicated in Table 2, 102 universities in total offered 
123 research articles to promote the ML applications in 
SCM. The top universities are The Hong Kong Polytech-
nic University, Yonsei University, followed by Concordia 
University, Ferdowsi University of Mashhad, University 
of Florida, Purdue University, University of South Aus-
tralia, National Institute of Technology, National Taipei 
University of Technology. Most research are done in Hong 
Kong universities and South Korea, which is accordant 
with the situation that Asian countries are advanced with 
telecommunications techniques [45]. Such universities 
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like Purdue university, National Institute of Technology 
are outstanding in engineering, which would surely give 
them the priority to try many ML algorithms in SC. It 
is also worth noting that many of these universities have 
independent departments of both engineering and business 
backgrounds, which would directly help in strengthening 
the ML applications in SCM practices and developing 
SCM strategies. However, judging from the publication 
number, even the top university published merely 9 arti-
cles in last 20 years. This reveals that the ML applications 

in SCM are yet far from fully exploited and have a lot of 
space to develop.

4.1.7  Contributing authors

As shown in Table 3, 114 first authors contributed the 123 
articles shortlisted. The authors on top of the list are Chang 
Ouk Kim, H.C.W. Lau and R.J. Kuo, each of whom has three 
articles published. Chang Ouk Kim has been the leading 
researcher in building the theoretical foundation, develop-
ing conceptual framework and carrying out application-
oriented studies on the ML applications in SCM; H.C.W. 
Lau and R.J. Kuo each contributed three articles covering 
the majority of SCM research threads. Similarly, K.L. Choy, 
Matthew Chiu, and Mojtaba Maghrebi also contributed arti-
cles with high research values. However, the three leading 
authors joined together published 9 out of the 123 articles. 
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Table 2  Leading Universities contributing to the ML applications in 
SCM

Universities Numbers Percent

The Hong Kong Polytechnic University 9 7.32
Yonsei University 3 2.43
Concordia University 2 1.63
Ferdowsi University of Mashhad 2 1.63
National Institute of Technology 2 1.63
National Taipei University of Technology 2 1.63
Purdue University 2 1.63
University of Florida 2 1.63
University of South Australia 2 1.63
Hunan University 2 1.63
Islamic Azad University 2 1.63
University of Tehran 2 1.63
Islamic Azad University 2 1.63
Other universities in number 89 72.36
Total 123 100.00

Table 3  Leading first authors contributing to the ML applications in 
SCM

Authors Numbers Percent

Chang Ouk Kim 3 2.44
H.C.W. Lau 3 2.44
R.J. Kuo 3 2.44
K.L. Choy 2 1.63
Matthew Chiu 2 1.63
Mojtaba Maghrebi 2 1.63
Other authors in number 108 87.80
Total 123 100.00
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According to the Price’s Law (Price et al. 1982), if authors 
with three articles or more do not contribute to more than 
50% of the total number of articles, there is no possibility to 
form a stable group of high-yielding authors in a research 
domain. By this law, a high-yielding authors’ group does not 
exist at all in the study of ML applications in SCM.

As for the research trends of the ML applications in SCM, 
it is found that there were two research peaks (between 2008 
and 2009, 2016 and 2017 respectively) over a time span of 
20 years (1998/01/01–2018/12/31); the leading industries 
shifted from automobile and fashion industries towards oth-
ers; simulated data were taken as the prime data source and 
supervised learning as the most frequently used research 
design; the key journals were Expert Systems with Applica-
tions and Int. J. Production Economics, and key countries 
were China and USA; the leading universities were the Hong 
Kong Polytechnic University and Yonsei University, while 
the leading authors were Chang Ouk Kim and H.C.W. Lau. 
However, the ML applications in SCM remained in a devel-
opmental stage since there were not enough high-yielding 
authors to form a strong research group in the field and their 
publications were still at a low level. To explore the relation-
ship between all authors of these 123 articles, a co-citation 
network of cited authors is presented in Fig. 7, the minimum 
citation is set at 10; 30 authors are chosen out. As indicated 
in the figure, the bigger circle means more citations. As also 

shown in Fig. 7, the high-cited authors can be divided into 
two kinds. One is the inventors of certain ML algorithms, for 
example, Vapnik is the inventor of SVM, Huang guangbin 
is the inventor of ELM. The other one is the authors who 
mainly applied ML in SCM in an early stage, for instance, 
R.J. Kuo published his first NN applications in decision sup-
port system for sales forecasting in 1998; K.L Choy was the 
first to apply NN to supplier selection in 2002; Charles A. 
Weber was a pioneer in dealing with vendor selection in as 
early as 1991. Thus, the trial of ML applications in SCM 
raises their citations in this domain.

4.2  The frequently used machine learning 
algorithms

It is worth noting that only 10 out of 32 commonly rec-
ognized ML algorithms have been frequently applied in 
SCM. Some advanced ML algorithms were neglected, for 
example, deep learning algorithm, a well-known variation 
of NN [63] has not been identified as one of frequently used 
algorithms in our paper. This might be ascribed to the unfa-
miliarity of the SCM researchers and practitioners to the 
common ML algorithms, as García et al. [36] pointed out 
that ML algorithms often suffer from the low interpretability 
in application.

Fig. 7  The co-citation network of the cited authors
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To help improve the situation, Table 4 provides a brief 
overview of these 10 ML algorithms to facilitate a clear 
understanding of these algorithms among SCM researchers 
and practitioners. In Table 4, the first column from the left 
lists the names of 10 ML algorithms; the second column 
presents the general usage of the 10 ML algorithms; and the 
third and fourth column summarize their advantages and 
disadvantages accordingly. In addition, more characteristic 

of these 10 frequently used ML algorithms are introduced 
in detail as follows:

 1. Decision Tree (DT): DTs display possible conse-
quences with different graphs. Each node of the graphs 
contributes to one specific feature [16]. DTs are nor-
mally used for discriminant models and multiple 
regression. Although DTs are simple to observe and 

Table 4  Brief overview of 10 ML algorithms

Name General usage Advantage Disadvantage

Decision Tree (DT) Discriminant models; mutli-
regression and classification; 
regularized Maximum Likeli-
hood Estimate

1. Easy calculation, being suitable 
to handle samples with deficient 
attribute values;

2. Able to assess an item with dif-
ferent features;

3. Strong interpretability

Easy to be over-fitting

Random forest (RF) Classification 1. Insensitive to missing and 
abnormal values;

2. High accuracy of training 
results;

3. Relative Bagging can converge 
to a small generalization error

1. Over-fitting for large data noise;
2. Sensitive to the features with dif-

ferent values

K-means Clustering; Classification 1. Easy and fast;
2. Low complexity

1. Only used when cluster mean 
values have been defined;

2. Actual line given by cluster K is 
sensitive to the initial values;

3. Sensitive to noise and outliers
K-Nearest neighbor (KNN): Discriminant models; mutli-

regression; classification
1. Simple for classification and 

regression, particularly for non-
linear classification;

2. Low complexity;
3. Immune to outliers

1. Need to preset K;
2. Unable to solve large unbalanced 

data sets

Logistic regression (LR) Regression 1. Simple to operate;
2. Easy calculation;
3. Small storage resources

Poor fitness and precision

Naive Bayes classifier (NBC) Generative model 1. Good at small-scale data sets.
2. Applicable to multi-classifi-

cation

1. Requiring conditional independ-
ence assumption, which leads to 
reduced accuracy;

2. Poor classification performance
Neural Networks (NN) Regression; classification 1. Strong nonlinear fitting ability, 

simple learning rules and strong 
robustness, with memory ability;

2. Strong self-study ability and 
error back propagation ability

3. Good parallelism

1. Unable to explain the reasoning 
process and basis;

2. Unsuitable for insufficient data 
set;

3. Sensitive to initial values

Support vector machine (SVM) Regression/classification 1. Suitable for nonlinear clas-
sification;

2. Applicable both to classifica-
tion and regression;

3. Easy to explain;
4. Fewer generalization errors

Sensitive to kernel functions and 
parameters

Ensemble algorithms (ESM) Regression; classification Good at assembling the advan-
tages of NNs

Being dependent of the basic clas-
sifier

Extreme learning machine (ELM) Regression; classification 1. Fast learning;
2. Good generalization perfor-

mance.
3. Simple to operate

Arguments in its definition, meth-
odology and so on
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have low bias, they are easy to be over-fitting. That is 
where the RF comes in.

 2. Random Forest (RF): RF uses different DTs trained 
with different data sets and selects the random subsets 
of features to make predictions by making use of the 
mean values of all the individual prediction results. DT 
and RF are the two decision methods which share the 
potential usage in SCM by listing the benefits of each 
decision and their probability of fulfillment. These two 
decision methods then make an overall presentation 
by doing lead-scoring for SC managers to allocate 
resources [74].

 3. K-means: K-means is an unsupervised clustering 
method. This method is able to divide the data into k 
clusters that would decrease the square errors of each 
group [70]. K-means is time-and-cost-efficient with its 
low computational complexity, but the K needs to be 
preset in advance, which requires the prior knowledge 
of the data sets. What is worse, K-means is prone to 
being affected by outliers and noise.

 4. K-Nearest Neighbor (KNN): Similar to K-means, KNN 
is also a clustering method that separates data into K 
clusters. However, being different from K-means, KNN 
is a supervised learning method, which is immune to 
noise. However, KNN is not able to handle large data 
sets and the data sets analyzed by KNN should be regu-
lar without any missing values. Anyhow, K-means and 
KNN, both are able to be used in SCM for the purpose 
of separating customers into frequent buyers and their 
purchase amount. These two ML algorithms select 
people more objectively and faster than human brain 
does [52].

 5. Logistic Regression (LR): It is a variation of the 
massively used Linear Regression Model [37]. As 
compared to Linear Regression Model, LR is able to 
employ non-linear model to replace linear fitting model 
to fit every dependent variable and independent vari-
able, but it still highly relies on the choice of the fitting 
model and has poor fitness. Since LR is good at pre-
dicting continuous data, it is used in sales forecasting 
of SCM.

 6. Naive Bayes Classifier (NBC): NBC is based on the 
Bayesian Theorem, which is good at small-scale data 
sets. NBC has the potential application in SCM for 
identifying the credit of a stakeholder, telling whether 
he or she would break rules of contracts and thus pro-
vides a warning in advance for the other stakeholders.

 7. Neural Networks (NN): NN started in the 1980s and 
were first applied in 1988 [5]. It was created to simu-
late human brain in learning to perform tasks [101]. 
NN is a powerful algorithm in identifying complex 
nonlinear input/output relationships so that it is able to 
be used by SCM to warn against the potential competi-

tors. NN has many variations, like back propagation 
(BP) NN, Radial Basis Function (RBF) and convolu-
tional neural network (CNN). All these variations are 
applicable to SCM. Take CNN as an example. CNN is 
the essential tool for deep learning and is commonly 
used to analyze imagery. In SCM it is employed to ana-
lyze the audio and video communication of customer-
salesperson, and to do lead-time planning and customi-
zation. However, NNs have an intrinsic disadvantage, 
that is, because the computational results are obtained 
by repetitive training in a “black box”, NNs are unable 
to explain their reasoning process.

 8. Support Vector Machine (SVM): SVMs are able to 
make up for the disadvantage NNs have, for SVMs 
have characteristics of simple structure, replacing 
experience optimum with global optimum [15]. SVMs 
have the strong generalization ability and strong math-
ematical interpretability. Also, SVMs are suitable for 
hi-dimensional issues, which will provide SCM with 
cross-selling and up-selling opportunities. However, 
SVMs heavily rely on its kernels, which also need prior 
knowledge of the data sets involved.

 9. Ensemble algorithms (ESM): To fully explore the 
advantages of these algorithms mentioned above, 
researchers also develop some integrated algorithms 
like Ensemble algorithms (ESM). ESM takes in the 
advantages of each basic classifier and provides predic-
tive results better than any of the basic classifier alone 
[66]. ESM can be particularly valuable for SCM in the 
credit risk assessment of stakeholders since people can 
get a credit record more easily without enough credit 
evaluation in a fast developing environment [33].

 10. Extreme Learning Machine (ELM): ELM is feed-
forward NNs, which cut down half of the calculation 
compared to normal NNs. Most of its training is done 
in milliseconds, seconds, and minutes [48]. Also, all 
the parameters of the networks are tuned iteratively by 
ELM that no parameters need to be manually tuned. 
This makes ELM extremely easy to use. ELM is able to 
analyze big data sets for SCM within short time peri-
ods. However, although ELM can bring better results 
with simple calculation, some researchers have been 
arguing about its methodological approaches, and even 
about its definition.

Apart from the characteristics of these 10 frequently used 
algorithms in SCM introduced above, the detailed descrip-
tion for the concrete frequency of these ML algorithms is 
shown in Fig. 8. The figure demonstrates that NN is the 
most frequently used NN (54%), SVM (21%) is the sec-
ond, then followed by LR (5%), DT (4%), ELM (4%), NBC 
(4%), KNN (2%), RF (2%), ESM (2%) and K-means (2%). 
The rank of frequently used ML algorithms obtained in this 
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paper is on the whole similar to that reported by Bousqaoui 
and Achchab [7], that is, NN was ranked the first and SVM 
the second, LR took the third place. It is also interesting to 
see that almost half of the shortlisted articles employed NNs 
as the ML algorithms. This is because most of the articles 
compared their results with NN performance or combined 
the NN model with their own model, as the BP NN invented 
in 1975 [116]. What’s worse, NNs and SVM took up almost 
three-fourths of the frequently used ML algorithms, as SVM 
was also a mature algorithm which was invented by Vapnik 
[114]. The unbalanced applications of ML algorithms, as 
claimed by Bousqaoui and Achchab [7], are also common 
among the articles of the five databases. Other new algo-
rithms like ESM and ELM, which are seen in good applica-
tion in Fraud detection [72] and financial decision-making 
[53], are used rarely in SCM. The inadequate application 
might be caused by worries of over-interpretation by new 
algorithms of the data or finding patterns in the data that 
do not exist (Yan 2007) since SCM is a non-experimental 
science that controlled experiments cannot be implemented 
[10].

In response to the second research question, 10 algo-
rithms were identified out of 32 as the frequently ones used 
in SCM, and the 10 ML algorithms were seen in unbalanced 
applications.

4.3  Distribution of the algorithms

Judging from the developmental trends of the ML applica-
tions in SCM and the analysis of frequently used ML algo-
rithms in SCM, the potential of ML as a means of tackling 
complex problems and retrieving information in SCM has 
not been fully explored in the past. However, some research-
ers have made pioneering efforts at the ML applications in 
SCM, and some ML algorithms such as NNs and SVMs 

have been utilized to address certain SCM activities. In this 
section, six SCM activities are to be introduced to demon-
strate the strong linkage between ML algorithms and SCM 
activities, and then to outline how those frequently used ML 
algorithms were distributed in the 6 SCM activities.

4.3.1  Demand/sales estimation

Planning is driven by demand/sales estimation in SCM. 
However, demand/sales estimation is difficult sometimes 
because a good demand forecast works as an estimation for 
all sales potential estimation, which is a complex estima-
tion system. In this case, it is required to relate the param-
eters associated with multiple explanatory variables to 
their dependent variables in a highly nonlinear manner. By 
introducing non-linear analyses, ML algorithms is able to 
improve the accuracy of predicting and forecasting in sales, 
demand, and the degree how much inventory is required. 
Being different from those traditional methods like moving 
average, exponential smoothing, time-series methods and 
Box-Jenkins methods, ML algorithms do not heavily rely on 
the accuracy of historical data so that ML algorithms have 
been promoted as alternatives for demanding and planning 
in SCM. For instance, Ning et al. [91] developed the mini-
mum description length optimal NNs which could accurately 
predict retailer demands with various time lags to change the 
replenishment strategy, which cannot be finished by tradi-
tional models. Thomassey [107] proposed different forecast-
ing models which performed more reliable sales forecasts 
than traditional models did. These models built by advanced 
methods such as NNs, fuzzy logic and data mining, worked 
well under situations like strong seasonality of sales, vola-
tile demand, the lack of historical-data backgrounds or the 
wide number of items with short life cycle. Compared with 
traditional methods, ML algorithms are able to remove the 
data sets’ defects and provide non-linear models to suit the 
demand/sales curve in a more accurate way.

4.3.2  Procurement and supply management

It is the key to the success of any organization in procure-
ment and supply management to satisfy the customers with 
high quality products at a low cost and in a short time. The 
main function by the ML applications in SCM is the supplier 
evaluation and selection. Traditionally, the suppliers who 
are able to provide the retailer with the right quantity of the 
right product/service at the right time in the right place are 
qualified as being suitable. However, the potential suppli-
ers are rarely so clearly superior to their competitors. Thus, 
most business would adopt some kinds of supplier ‘scor-
ing’ or assessment procedure, which requires the informa-
tion about performance history of potential suppliers, about 
their credit history and other personal information. This sort 
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of information is often not available to the public, and the 
data availability often causes such problems as small size 
of data-sets, inconsistent values, and errors, etc. The key 
advantage of some ML algorithms is the flexibility in coping 
with missing values.

Thanks to the dynamics and complexity of the above sce-
narios, the make-or-buy decision relies heavily on systematic 
decision-aid ML algorithms such as SVMs. For example, 
Mori et al. [87] used SVMs to find new business partners—
suppliers and customers. They designed several features that 
might characterize customer–supplier relationships with a 
firm’s profile and its transactional relationships. Compared 
with real data, the results obtained by Mori et al. indicated 
an F value of 84% plausible candidates. Similarly, Li et al. 
[67] used reasoning ESM to do the general competence trust 
diagnosis for some supplier companies. The results proved 
that instead of human making decisions in supplier selec-
tion, ESM was more stable in making final decisions with an 
accuracy of 88.82%. As a result, ML algorithms are able to 
handle the comprehensive information of the suppliers and 
make an objective judgement accurately.

4.3.3  Production

By taking into account multiple constraints, ML algorithms 
will improve factory scheduling accuracy and production 
planning. ML algorithms will also make it possible to bal-
ance the constraints more effectively than those that were 
manually done in the past, particularly, for manufacturers 
who rely on build-to-order and make-to-stock production 
workflows. With the help of ML, manufacturers could 
reduce SC latency for components and parts used in their 
most heavily customized products. For example, faced with 
the different customization requirements and production 
regulation of each country, Chen et al. [15] put forward a 
solution with NNs to group similar customization needs. 
Then they used the existing inventory information to select 
the parts for production managers, which hugely reduced 
the cost during the SC compared to human decision. In a 
similar way, Juez et al. (2010) employed SVMs to consider-
ate multiple factors to arrange production lead-time before 
manufacturing in aerospace industry. As a whole, the ML 
algorithms are able to yield the lead-time prediction in pro-
duction with a shorter response time.

4.3.4  Inventory and storage

SC inventory management (SCIM) and storage incur impor-
tant costs. For instance, according to Timme and Williams-
Timme [108], the annual spending on storage is about 
15%–35% of its total business value. The goals of SCIM are 
to increase product variety, to improve customer service and 
to decrease costs as well. However, information concerning 

all these goals is hard to be precisely estimated, predicted 
and obtained with traditional decision rules for it is largely 
based on the sound judgment and experience of inventory 
managers themselves. Therefore warehouses are often faced 
with uncertain inventory input, which means a tool which 
will help human to overcome the uncertainty is necessary. 
ML algorithms are able to seek quick input comparable pat-
terns with warehouse data sets. Gumus et al. [40] used NNs 
with the help of neuro-fuzzy demand to do a lead-time fore-
casting in a multi-echelon SC. The results showed that, the 
inventory management level was efficiently improved with 
their proposed model. ML has also proved to be effective at 
automating inspecting the damage inside logistics hubs, or 
in-house delivering. Wan et al. [115] used SVM and NBC 
in two small SC examples, results revealed that their model 
could increase their inventory safety. Overall, the ML algo-
rithms are able to identify the hidden inventory patterns that 
have never been revealed in reducing saving cost.

4.3.5  Transportation and distribution

One of the most popular ML applications in SCM is to solve 
the vehicle routing problems. The optimal routes out of mul-
tiple choices for a transporting vehicle to travel are really 
important for SC to deliver a product to the correspond-
ing customers, and deciding the routes are in most cases 
beyond the ability of a human brain. ML algorithms and 
the apps running ML algorithms excel at analysing large, 
diverse data sets, providing results fast with high demand 
forecasting accuracy. Cirovic et al. [23] worked out a model 
for the routing of light delivery vehicles through logistics 
operators. To solve the problems of routing in the model, an 
adaptive NN was trained by a simulated annealing algorithm 
to assess the performance of the distribution network routes. 
Becker et al. [5] used a real-world simulation scenario on the 
basis of the Hamburg Harbor Car Terminal, a logistic site 
involving approximately 46,500 car-routing decisions. The 
simulation results yielded by Becker et al. showed that the 
neural-net model’s performance was 48% better than that of 
the best heuristic routing tested in previous studies. Thus, 
ML algorithms are able to generate better deliver routes by 
objectively and timely exploring the pattern of consumers’ 
behaviour, vehicles, transportation and infrastructures.

4.3.6  Supply chain improvement

A more effective supply chain delivers services and prod-
ucts only when and where they are needed, which means 
customer feedback is essential for SC improvement or SC 
improvement is basically about adjusting the SC to become 
more consumer-centric. Various methods such as market 
research, surveys, and interviews are traditionally used to 
provide the opportunity for consumers to offer feedback 
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within the retailer store. The fact is that, in the process 
of surveys and interviews, normal retailers do not attract 
large audience for consumers often avoid giving out com-
ments face to face. Thus, their sample size is small. Those 
decisions for SC improvement based on a small sample are 
prone to being invalid. However there is substantial amount 
of consumer information presented by social media that 
may reflect the true opinions of customers. Social media 
data serve as a better channel of customers’ feedback but 
they are often irregular and lack quality in nature and large 
in variety, volume and velocity. It is thus difficult to han-
dle them manually [121]. In this situation, ML algorithms 
combined with IoT (Internet of things) sensors, advanced 
analytics, and real-time monitoring come up to provide end-
to-end visibility across SC activities. For instance, [85] once 
extracted 1338,638 pieces of customers’ views from Twit-
ter data, carried out an sentiment analysis of the data using 
text mining and SVM and precisely direct the customers’ 
complaints of problems like extra fat, presence of foreign 
particles, discoloration, and hard texture to the root causes 
in the upstream activities of the SC of beef products. Dar-
ren Law et al., aided by LR, NN and DT, completed a prior 
defect-discovery from 11,024 Amazon reviews of some 
brands of dishwashers, and found that the potential defects 
were highly correlated with the domain specific “smoke” 
and “sparkle” terms. Results showed that their tool spot-
ted defects of dishwashers in advance with an accuracy of 
94% which much improved the quality assurance on both 
the supply and demand side. Therefore, with the help of the 
data from sensors, ML algorithms can monitor SC synchro-
nously while transportation can rule out the SC disruptions 
in advance.

The distribution of 10 frequently-used ML algorithms in 
the 6 SCM activities seen in the 123 articles shortlisted was 
presented in Table 5. As indicated in Table 5, it is known 
that:

1. The ML distribution is remarkably inclined to demand/
sales estimation of the 6 SCM activities, as demand/
sales estimation is the most frequently reported of the 
six SCM activities in the 123 articles shortlisted, trans-
portation & distribution and procurement & supply 
management were the second, followed by supply chain 
improvement, production, and inventory & storage;

2. In Table 5, 24 out of 60 cross-blocks between 10 ML 
algorithms and 6 SCM activities are blank. This indi-
cates that some ML algorithms have never been used in 
any of six SCM activities. For example, K-means has 
never been used in either transportation & distribution, 
production, procurement & supply management, inven-
tory & storage, or SM improvement. In a similar way, 
there are SMC activities that have never turned to help 
from any ML algorithms, for instance, inventory & stor-

age never involves any of DT, ELM, LR, ESM, KNN, 
RF, or K-means. The blank application of some ML 
algorithms in some SCM activities doesn’t imply that 
these ML algorithms are not applicable in these activi-
ties, and the blank involvement of some SCM activi-
ties for some ML algorithms doesn’t suggest that these 
SCM activities do not need any help of these ML algo-
rithms either. The most probable reason for the blank 
application and involvement might be the insufficient 
knowledge for the linkage between ML algorithms and 
SCM activities. In other words, SCM researchers and 
practitioners might feel difficult to tailor the features or 
advantages of some ML algorithm specific to the needs 
of certain SCM activities.

In regard to the third research question, it is found that 
the distribution of the frequently-used ML algorithms in six 
SCM activities were pretty uneven. Some ML algorithms 
like NNs and SVMs piled up in a couple of SCM activities 
or notably in demand/sales estimation, while some SCM 
activities like production and inventory & storage only 
involved a couple of ML algorithms.

5  The future directions of machine learning 
in supply chain management

In this section, a number of potential directions of ML appli-
cations in SCM are suggested as follows:

To make SCM research more “practical”. As can be seen 
from Fig. 5, with a unbalanced 50% of the data source in SC 
comes from the simulation data, the research of ML applica-
tions in SCM till now has been concentrated only on math-
ematical modeling. This is because the city-scale and the 
synchronic SC data made the analysis of historical data very 
difficult. However, with the emergency of ML algorithms, 
researchers are increasingly empowered in analysing the data 
sets of different structures, sometimes even with missing 
data. Integrating the data sets from all parts of the supply 
chain and presenting them on a smart phone, dashboards will 
enable consumers to have more knowledge about the entire 
system. At the same time, managers can employ ML meth-
ods like deep learning neural methods to guide consumers 
in making more holistic and sustainable buying decisions. 
Besides, managers can employ visual data graphics in bet-
ter interpreting important signals, and to use new metrics 
in measuring risk, sustainability and total costs. Thus, the 
studies combining “big data” with SC should be done to 
make SCM research more practical in the future.

More “objectivity” in SCM research. From top part of 
Table 5, it is easy to find that ML has been frequently used in 
prediction and supplier selection to provide guidance for man-
agers. This is mainly because human might make mistakes on 
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SC decisions by ration, ML can somehow improve the objec-
tivity in decision-making. What is more, this important nature 
of ML is able to make integrated SC available for decision-
making managers. If the whole SC would have been fully 
supported by a machine, the decisions made by the machine 
would help interpret the information from other supply chain 
stakeholders, to control bullwhip effect from how it is formed. 
In case of objectivity, those ML applications have promoted 
the urgent needs in improving decision-support tools for fore-
casting, early warning, and real-time disruptions monitoring 
in SCM.

More “variety” is needed. As also seen from the Table 5, 
few algorithms besides NN and SVM have been explored in 
SCM. So there is a definite large room where various ML 
algorithms should be applied into SCM research. Derivatively, 
another possible trend to cope with the new upcoming ML 
algorithms is to redesigning the SC structure. In particular, 
with the accurate help of ML, it is possible to reduce waste, 
emissions and risk along the supply chain, which provides 
more SC activities besides the six mentioned in Sect. 4 of this 
study. With the help of ML algorithms, it is also possible to 
reveal potential links between the complexity of a supply chain 
and the frequency of disruptions that might occur. In order to 
manage these links, research tailored to various needs, particu-
larly those related to the risks and sustainability in SCM, can 
have a thriving future.

More“robustness”is required. It is extremely difficult for 
a single departments or company to deploy a new system by 
themselves, not to speak of ML, as a “black box”, only provid-
ing accurate results without any explanations. This makes a 
department or a company harder to accept ML in SCM. Also, 
some ML methods are not able to perform well in a single 
case and their robustness will not be strong enough to last 
in the real-time applications. How can common end-users 
like suppliers and retailers be convinced to make a decision 
in choosing a proper ML method in SCM only on the basis 
of the comparisons between different ML algorithms? New 
research is needed to drill down into the interpretability of ML 
algorithms for dynamic settings to be tested in future.

In the end, the ML applications in SC are facing tremen-
dous changes and require more acknowledgement among 
the researchers and improvement in robustness out of the 
research into reality. Thus, in a volatile and fast-paced 
supply environment, the ML applications would surely be 
equipped with a bright future in supply chain management.

6  Conclusion

This study conducted a systematic review of recent trends 
of the ML applications in SCM to answer three research 
questions as were presented at the beginning of this paper. 
To address the three research questions, the research articles, 

published during 1998/01/01–2018/12/31, were searched 
on six academic databases: Emerald Insight, IEEE Xplore, 
Scopus, Science Direct, Wiley and Springer, with Google 
Scholar as a complementary database. As a result, 123 
research articles were obtained and closely analyzed. The 
analysis and its results indicated that, although there were 
two research peaks (between 2008 and 2009, 2016 and 2017 
respectively) for ML applications in SCM over a time span 
of 20 years (1998–2018), the ML applications in SCM were 
still in an developmental stage since there were not enough 
high-yielding authors to form a group in this domain and 
their publications were still at a low level; and that, even 
though 10 ML algorithms were found to be frequently used 
in SCM, their applications were carried out in an unbal-
anced way, and the distribution of the frequently-used ML 
algorithms in six SCM activities were pretty uneven.

Although the three research questions have been 
addressed as expected and the conclusions obtained might 
be helpful for SCM researchers and practitioners, this paper 
possesses certain limitations. First, several precautions were 
taken in filtering the articles for review purpose, for example, 
merely five common databases were checked in this paper. It 
could be possible that some relevant articles might have been 
filtered. Therefore, more databases should be included for 
the further research on the ML applications in SCM. Second, 
only frequently used ML algorithms in SCM were counted in 
this review, and there might be some ML algorithms which 
were initially introduced to SCM but would be really helpful 
for SCM later on. For the further studies in this domain, the 
ML algorithms with low frequency should also be included 
for analysis. Third, the criteria for an ML algorithm to be 
included in our paper were entirely based on 32 commonly 
recognized ML algorithms presented by Christoph Kout-
schan in [21], it might be possible for some newly invented 
ML algorithms applied in SCM after 2015. Therefore, the 
list of ML algorithms should be brushed up regularly for the 
studies on the ML applications in SCM. The research on the 
ML applications in SCM is still in a developmental stage; 
there is great space to cover and fruitful research contents 
to see in this domain in the future.
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