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ABSTRACT 
This article focuses on practical perspectives of 
Artificial Intelligence (AI) applications in Supply 
Chain Management by exploring commonly used AI 
techniques, use cases and benefits of applying AI in 
Supply Chain Management with real-world examples 
from multinational corporations like DHL, IBM, 
Walmart, Amazon, Google, among others. The 
findings are grouped according to the four stages of the 
SCOR (Supply Chain Operations Reference) 
framework, i.e plan, source, make, deliver, to facilitate 
visualization. We find that AI techniques including 
Neural Networks, Genetic Algorithms, Support Vector 
Machines, Reinforcement Learning, Fuzzy Logic, and 
Natural Language Processing are applied to enhance 
supply chain efficiencies, lower costs, increase profits, 
improve customer satisfaction, save operational time, 
reduce potential disruption, better 
suppliers/customers relationships, improve product 
quality, enhance safety, and shorten lead times... These 
stem from nine benefit groups, namely PLAN (demand 
forecasting, inventory optimization, supply risk 
mitigation), SOURCE (procurement, supplier 
selection), MAKE (product quality assurance, smart 
warehouse management, predictive maintenance), 
DELIVER (route optimization, dynamic pricing, and 
last mile delivery, and customer service). Limitations 
and future research directions are discussed. 
 
Keywords: artificial intelligence (AI); machine learning 
(ML); supply chain management (SCM); logistics; 
applications; use cases; industry examples, SCOR 

1. INTRODUCTION 
The world is becoming increasingly interconnected 

and compact, while the global supply chain (SC) is 
growing progressively intricate. As an example, Apple 
relies on 43 suppliers scattered across 6 continents to 
assemble and manufacture its iconic iPhone. Even a 

seemingly simple product like a tennis ball travels through 
11 countries across 4 continents during its manufacturing 
process (Petrova, 2018; Carrington, 2016). Moreover, in 
light of emerging global challenges such as the COVID-19 
pandemic, political tensions, and unforeseen weather 
events, Supply Chain Management (SCM) has become 
riskier than before. Adding to the complexity, there is now 
an unprecedented surge in the generation of SC-related 
data. It is now believed that at least from 2.5 quintillion 
bytes of big data is being generated every day. To 
illustrate, let’s consider a simple case from the automotive 
industry where the number of potential solutions in SCM 
is remarkably high, exceeding 12 million in typical 
scenarios and reaching 4. 8 × 1018 in complex cases 
(Mourtzis and Doukas, 2015). Such vast possibilities 
necessitate the adoption of an intelligent system to 
effectively handle such infinite potentials. This is where AI 
(Artificial Intelligence) comes into the picture. According 
to McKinsey's 2018 report titled "Notes from the AI 
frontier: Insights from hundreds of use cases," AI has the 
potential to generate up to US$5.8 trillion in value across 
9 business functions, with SCM being one of the sectors 
that stands to benefit the most (McKinsey, 2018b). 

So far many systematic literature reviews, general 
overview articles or bibliography articles on the topic of 
AI application in SCM have been conducted (Riahi et al., 
2021; Tirkolaee et al., 2021; Richey et al., 2023; Aamer et 
al., 2021; Sandra and Bernd, 2021; Min, 2010; Pournader 
et al., 2021; Riahi et al., 2021; Toorajipour et al., 2021; 
Shavaki & Ghahnavieh, 2023; Raza et al., 2023…) but 
they mainly deal with the technical or theoretical 
perspectives and do not elaborate on specific industry 
examples or did so in a limited way while papers on AI 
practical applications in SCM are mainly from corporate 
consultancies, company or expert blogs, and sporadic 
newspaper articles (DHL, 2018; DHL, 2019; McKinsey, 
2017; McKinsey, 2018a; McKinsey, 2018b; Deepika, 
2023; Patyane, 2023; Boualam, 2023…). Hence, there 
lacks a comprehensive scholarly article that addresses both  
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Figure 1 Summary of research steps. 

 
theoretical and practical aspects, with a specific emphasis 
on industry applications. This is the first such article as far 
as we know. To enhance visualization, the theoretical and 
practical benefits are grouped into 4 main SC stages 
according to the SCOR (Supply Chain Operations 
Reference) framework: i.e. plan, source, make, deliver as 
established by the Supply Chain Council now merged with 
the Association for Supply Chain Management. This 
framework is the first and the most widely accepted cross-
industry standard for SCM (Stewart, 1997; Ren et al., 
2006). Incorporating the SCOR model to categorize 
benefits provides a structured and comprehensive 
framework for analysis. SCOR’s standardized process 
categories offer a systematic lens through which AI-driven 
improvements can be clearly mapped and evaluated. 
Beyond enhancing visualization, SCOR’s process-oriented 
structure enables researchers to systematically align AI 
applications with specific supply chain functions for better 
organization of findings and improving comparability 
across studies.  

While previous reviews have often focused either on 
theoretical AI techniques or isolated case studies, this 
paper bridges that gap by integrating both perspectives 
within a unified SCOR-based framework. By doing so, it 
uncovers patterns of AI adoption across various supply 
chain functions and showcases the real-world value of AI 
applications in different industry contexts. This dual focus 
allows for a more holistic understanding of how AI tools 
are being used in practice, offering insights into their 
practical implications, scalability, and sector-specific 
nuances. This is the first study to combine theoretical 
insights with practical use cases, presenting specific AI 
methods, real-world industry applications, and their 
associated benefits, all mapped to the SCOR model. It not 
only classifies AI techniques and generic use cases but also 
highlights how these tools are implemented by 
multinational corporations and startups alike. 

This work advances the academic understanding of 
AI in supply chain management by offering a structured 
classification of AI methods, use cases, and benefits. It 
enriches the theoretical landscape by connecting AI 
capabilities directly to supply chain outcomes within the 
SCOR framework. For practitioners and managers, this 
paper provides actionable insights into the potential of AI 
in specific industry settings. Through detailed examples 
from diverse companies, it serves as a valuable guide for 
those considering adopting AI technologies, helping them 
better understand the tangible benefits and real-world 
implications of implementation. 

2. RESEARCH METHODS 
This is an overview paper based on information from 

corporate white papers, newspapers and scholarly articles. 
Contents are extracted from two main search frameworks: 
Google and WOS (Web of Science) platforms. We 
conducted an initial search by typing the keywords [IN 
TITLE] (“Artificial Intelligence” OR “AI” OR “Machine 
Learning” OR “ML”) AND (“supply chain” OR 
“logistics” OR “SCM”) AND [IN ABSTRACT] ("use 
cases" OR "examples" OR "applications") on WOS – 
filtered for articles only in English and in the last 5 years. 
82 scholarly papers were found, most of which paid scant 
attention to specific use cases and industry examples or 
failed to mention them at all. 

 We later did a similar search plus “-scholar” and 
“filetype:pdf” on Google.com to exclude scholarly articles 
to obtain a comprehensive overview of practical examples 
sourced from company websites, blogs, white papers, and 
industry publications of multinational corporations 
(MNCs) such as DHL, IBM, as well as consulting firms 
like McKinsey, among others. Since we want practical 
industry examples and consultations, corporate white 
papers, which pertain to gray literature, a Google search is 
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appropriate for this purpose (Juricek, 2009; Piasecki et al., 
2018). To ensure the validity and reliability of the data, we 
cross-referenced the information with mainstream media 
sources via Google News. Guidelines or white papers from 
big MNCs are preferred over small corporate 
communiques or private blogs. We also used Google 
Scholar for broader coverage. 

Based on our preliminary findings, we proceeded to 
categorize these findings based on similarities in their use 
cases. For systematic organization, we grouped them into 
the four SCOR stages with nine associated themes, namely 
PLAN (demand forecasting, inventory optimization, 
supply risk mitigation), SOURCE (procurement, supplier 
selection), MAKE (product quality assurance, smart 
warehouse management, predictive maintenance), 
DELIVER (route optimization, dynamic pricing, and last 
mile delivery, and customer service), aiming to address the 
following four research questions (RQ): 
RQ1: To overview AI techniques across four SCOR stages 
RQ2: To identify AI use cases across four SCOR stages 
RQ3: To identify industry examples that apply AI in SCM 
RQ4: To identify benefits of AI in SCM in four SCOR 
stages 

The remainder of this paper is structured as follows: 
Section 3 reviews AI and supply chain management. 
Section 4 presents AI use cases categorized under the four 
SCOR stages, along with associated techniques and real-
world examples and tangible benefits. Section 5 offers a 
summary discussion of key findings, limitations and 
outlines future research directions. Section 6 concludes the 
study, followed by a list of abbreviations and references. 

3. AI, SCM AND SCOR  
Artificial Intelligence (AI) is broadly defined as a 

system capable of emulating human cognition and 
performing adaptive actions in real-world environments. 
Machine Learning (ML), a subset of AI, encompasses the 
algorithms and techniques that allow these systems to 
detect patterns, make decisions, and improve performance 
through continuous analysis of diverse input data (Sun et 
al., 2024). Meanwhile, there are various definitions of 
SCM provided by respected global organizations such as 
the Council of Supply Chain Management Professionals, 
the Global Supply Chain Forum, APICS – the Association 
for Operations Management, the Chartered Institute of 
Purchasing & Supply, and the Logistics & Supply Chain 
Management Society. While these definitions may vary in 
their perspectives and emphasis, most converge on the idea 
that SCM involves the integrated management of the flow 
of goods, services, and information across the entire supply 
chain network—from raw material suppliers to end 
customers (Felea et al., 2013). 

According to the SCOR model developed by the 
Supply Chain Council now merged with the Association 
for Supply Chain Management, SCM is divided into four 
stages: PLAN, SOURCE, MAKE, and DELIVER (Ntabe 
et al., 2015). There is also a RETURN stage (Ntabe et al., 
2015) but since we consider “return” the reverse of the 
earlier 4 stages, we will not consider it in this article. This 
SCOR is a widely recognized framework and is the first 
and most widely accepted cross-industry standard for SCM 

(Stewart, 1997; Ren et al., 2006) and has been extensively 
studied in relation to AI applications in SCM: Babai et al., 
(2025), Derfoufi & Benrrezzouq (2024), Harrir & Sari 
(2024), Ehrenthal et al., (2024), Chehbi-Gamoura et al., 
(2019), Khan et al., (2023), Mendonça & Lima (2023), 
Cannas et al., (2023), Kamble et al., (2023), Lima-Junior 
& Carpinetti (2019). 

Incorporating the SCOR model to categorize benefits 
provides a structured and comprehensive framework for 
analysis. SCOR’s standardized process categories offer a 
systematic lens through which AI-driven improvements 
can be clearly mapped and evaluated. Beyond enhancing 
visualization, SCOR’s process-oriented structure enables 
researchers to systematically align AI applications with 
specific supply chain functions, facilitating better 
organization of findings and improving comparability 
across studies. This approach simplifies the evaluation of 
how various AI techniques are applied and their impacts 
within each process area, thereby increasing the 
discussion’s relevance for both academic research and 
industry practice. In this way, it not only strengthens the 
analytical rigor of the article but also enhances its practical 
value for SC professionals to understand and implement 
AI solutions. 
 

 
Figure 2 Four major SC stages 

4. RESEARCH FINDINGS 
This section presents the findings structured around 

nine key themes or use cases aligned with the four SCOR 
stages. Each theme corresponds to a major AI use case in 
supply chain management, derived from nine benefit 
groups: PLAN (demand forecasting, inventory 
optimization, supply risk mitigation), SOURCE 
(procurement and supplier selection), MAKE (product 
quality assurance, smart warehouse management, 
predictive maintenance), and DELIVER (route 
optimization, dynamic pricing, last-mile delivery, and 
customer service). For each group, the section discusses 
relevant AI techniques, practical use cases, industry 
examples, and the associated benefits. 
4.1 Plan 
4.1.1 Demand Forecasting 

Demand forecasting or demand planning holds 
paramount importance in SCM as it serves as a foundation 
for various other SC processes, including procurement, 
inventory planning, manufacturing, and distribution 
planning. In their comprehensive literature review on 
AI/ML techniques for demand planning in SCM from 2005 
to 2019, Seyedan & Mafakheri (2020) found that the most 
commonly used method is NN (Neural Networks), 
appearing in 30 articles, followed by regression with 27 
articles. Time-series forecasting using ARIMA 
(Autoregressive Integrated Moving Average) was 
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mentioned in 13 articles, while both SVM (Support Vector 
Machines) and Decision Tree methods were cited in 8 
articles each. Similarly, Carbonneau et al. (2008) 
conducted a study on ML in SC demand planning and 
identified RNN (Recurrent Neural Networks) as the best 
predictor model. Following RNN, SVM, NN, and Multiple 
Linear Regression were also found to be effective predictor 
models for demand planning in SCM. 

The significance of predictive planning became 
evident in 2017 when fidget spinners, a small toy that 
gained unexpected popularity, became a best-seller, selling 
a reported 50 million units within a few months. This 
sudden surge in demand caused shipment stagnation and 
supply chain delays, with the toys accounting for 17% of 
all retail toy sales in the US in May, 2017 (Dundas, 2018). 
The craze was fueled by viral videos of teenagers playing 
with fidget spinners. By leveraging AI and mining social 
media posts, blogs, and YouTube videos, predictive 
analytics could have anticipated this boom, accurately 
projected the demand for the toys, and consequently 
prevented shipment delays and extended lead times. 

According to Hitachi Insight Group's Vice President, 
Greg Kinsey, AI predictive analytics has the potential to 
enhance SC efficiencies by 10% (Arsene, 2022). 
McKinsey (2018a) also suggested that ML can reduce 
forecasting errors by 20% to 50%. Lingam (2018) 
demonstrated how AI-driven demand forecasting models 
improved accuracy by 20%, leading to lower inventory 
costs and improved customer satisfaction. In 2015, an 
industry report by MHI said that the adoption level of 
predictive analytics in SCM was at 25%. However, it was 
projected to soar to 77% within the following six years 
(MHI, 2015), underlining the growing recognition of the 
value of predictive planning in optimizing SC operations. 

Various variables, such as price, discounts, 
promotions, seasonal factors, entertainment or political 
events, weather forecasts, past sales track records, and text 
mining through social media reviews and ecommerce sites 
using NLP (Natural Language Processing), as well as real-
time data from shipments, traffic conditions, media news, 
and mobile phones, can all be harnessed to predict product 
demand accurately. Unsupervised learning can be 
employed to train machines with unlabeled data, allowing 
them to identify unexpected patterns, such as detecting 
previously unseen delays in transportation times with 
novel causes. 

An exemplary case is observed in the German e-
retailer Otto, which utilizes ML and deep learning to 
analyze a vast dataset of 3 billion transactions and 
approximately 200 variables, including weather, historical 
sales, and web searches. Based solely on AI 
recommendations, without human supervisors' 
involvement, Otto purchases around 200,000 items 
monthly to proactively prepare for future demand and 
maintain a high level of delivery efficiency. This approach 
liberates human managers from the decision-making 
process, enabling them to focus on more strategic issues. It 
is worth noting that Otto's AI-driven demand forecast for 
a specific month is reported to be up to 90% accurate (The 
Economist, 2017; Wolfgang, 2021).  

Also in Germany, the drugstore chain DM (Drogerie 
Markt) harnesses the power of AI to anticipate weekly 

demand by utilizing input variables, such as SKU (Stock 
Keeping Unit)-level data, over a span of 6 months. By 
using a training dataset from the past 2.5 years, DM 
achieves highly accurate demand forecasts, leading to cost 
reductions and increased customer satisfaction (Wenzel et 
al., 2019). In 2016, Nike from the United States faced a dip 
in profits due to faulty demand prediction. Learning from 
this experience, the sportswear giant later acquired Celect, 
an AI data predictive analytics firm, three years later 
(Thomas, 2019). Meanwhile, Accenture collaborated with 
General Electric on TALERIS, a predictive analytics tool 
tailored for smart service operations in the airline industry. 

Predictive analytics has advanced to the extent that AI 
can forecast a customer's potential purchase of a specific 
product even before they have made any order. In 2012, 
US ecommerce giant Amazon introduced the concept of 
anticipatory delivery and even filed a patent for this 
approach in August that year. It was approved in December 
of the following year. Utilizing customer data, such as 
search history, purchase history, and shopping cart 
contents, Amazon anticipated when a customer would buy 
a particular product and shipped it to them before they even 
placed the order (Lomas, 2014). Amazon also efficiently 
calculated the destination hub for a group of future buyers 
near their addresses using complex algorithms, enabling 
seamless and anticipatory delivery. American logistics 
company UPS (United Parcel Service) has also 
successfully implemented ML for demand forecasting 
during holiday peaks and last-minute demand spikes.  

ML is also utilized to predict ship destination arrival 
times using data from GPS and AIS (Automatic 
Identification System), where ships continuously transmit 
data on their speed, location, route, and weather 
conditions. By integrating weather and speed data through 
ML algorithms, the arrival times of ships can be predicted 
effectively, even in cases where precise location 
information is unavailable. California-based telecom 
maker Infinera employs Intrigo Systems to predict delivery 
dates of components using ML. By analyzing past logistics 
provider performance and production lead times, Infinera 
gains valuable insights into delivery schedules (Korolov, 
2018). This reduction in lead times translates to improved 
customer satisfaction and financial gains. Furthermore, 
precise demand forecasts also facilitate lean inventory 
management. With better predictions of customer demand, 
companies can optimize inventory levels, reduce excess 
stock, and minimize costs associated with holding 
inventory, which leads to another AI applicability: 
inventory optimization. 
4.1.2 Inventory Optimization 

Inventory optimization or stock level optimization is 
the process of determining the optimal inventory levels to 
strike a balance between localized and centralized storage. 
Overreliance on centralized inventorying poses risks of 
stockouts, while excessive localized storage can be costly. 
Since the annual holding stocks cost might take up to 35% 
of a product value (Timme and Williams-Timme, 2003), 
inventory optimization could serve as a very effective way 
to substantially lower costs. 

Marr (2017) highlighted that AI-driven inventory 
optimization models take into account factors such as 
demand variability, lead times, and supply chain 



Pham & Bris.: AI in Supply Chain: Techniques, Applications, Real-World Cases and Benefits under SCOR Framework 
304          Operations and Supply Chain Management 18(2) 300-317 © 2025 
 
constraints. to avoid both overstocking and understocking, 
businesses track sales and store inventory in real-time. In 
this domain, GA (Genetic Algorithms) and ANN 
(Artificial Neural Networks) are commonly suggested to 
effectively manage inventory levels (Paul and Azeem, 
2011; Sandra and Bernd, 2021; Praveen et al., 2019). 
Priore et al. (2019) adopted ML, specifically inductive 
learning to determine the best inventory replenishment 
policy, achieving an accuracy rate of 88% and reducing 
operation costs. Sharma and Singh (2021) also applied 
ML, specifically Random Forest and XGBoost, to predict 
demand and achieve optimum stock levels in what they 
call “intelligent warehouse stocking”. 

RL (Reinforcement Learning) also plays a crucial role 
in this process, as it allows AI systems to learn and 
prescribe the optimal amount of stocks to be kept at any 
given time. By leveraging trial and error, AI can minimize 
inventory holding costs while preventing stockout costs. 
Through AI-enabled prescriptions, businesses can make 
informed decisions on when, what, and how much to order 
from suppliers, optimizing inventory management and 
minimizing waste and carbon footprints. This approach 
aligns with the principles of Just-In-Time (JIT), ensuring 
efficient and sustainable inventory practices. 

By integrating various factors such as economic 
trends, potential pandemic outbreaks, and material prices 
into an AI-powered system, instant and real-time inventory 
decisions can be prescribed, enabling efficient stock 
placement and sales management. This approach replaces 
manual ordering methods, ensuring accurate and timely 
inventory management within the ERP (Enterprise 
Resource Planning) system. This ensures that only 
necessary items are stocked, minimizing waste, and allows 
for the proactive ordering of soon-to-be popular products, 
as predicted by AI. Constantly monitoring demand 
volatility, while maintaining delivery readiness, drives 
down the inventory-to-sales ratio, a pivotal metric in 
effective stock management. Furthermore, AI's 
adaptability allows for the creation of up-to-the-minute 
online promotions based on demand, leading to reduced 
inventory levels and further optimizing SC operations.  

According to McKinsey (2018a), ML can reduce lost 
sales from stockouts by up to 65% and inventory 
reductions of 20 to 50%. For example, Microsoft 
successfully reduced its inventory by a significant US$200 
million by leveraging AI and IoT (Internet of Things) 
capabilities. Lennox was able to cut data collection time by 
an impressive 90%, while the Komplett group managed to 
increase SC efficiency by nearly 30% (Ozdogru, 2020). 

In the UK, the National Grid employs Google's 
DeepMind technology to anticipate the optimal level of 
demand versus supply, considering various input variables 
such as weather conditions and other relevant factors (Yao, 
2018). Additionally, the AI system implemented by 
German e-retailer Otto has proved highly beneficial and 
led to a remarkable 20% reduction in surplus inventory and 
significantly decreased product returns by over 2 million 
items per year (The Economist, 2017; Wolfgang, 2021). In 
the same vein, Walmart uses AI-based demand forecasting 
algorithms to adjust inventory levels based on changing 
customer preferences and market dynamics. This allows 
the retail giant to optimize inventory levels, reduce excess 
inventory and improve shelf availability. Companies like 

Nike also leverage AI to predict upcoming styles and 
fashion trends, better preparing them for future inventory 
supply to meet customer demands effectively. 

AI-driven inventory management becomes even more 
crucial when handling perishables due to the intricate 
interplay of multiple variables. These variables, including 
expiry dates, product age, temperature, humidity levels, 
and the conditions of transporting containers and storage 
shelves, can significantly impact the quality and shelf life 
of perishable goods. AI can precisely track the expiration 
dates of each perishable product, ensuring timely removal 
of items nearing their end of life. Furthermore, it can 
optimize storage conditions by adjusting temperature and 
humidity levels, thereby preserving the freshness and 
overall quality of the perishables. AI-powered algorithms 
can also predict demand patterns for perishable items 
based on historical data, weather conditions, and seasonal 
trends. This enables businesses to proactively manage their 
inventory levels, minimizing waste and ensuring adequate 
stock availability during peak demand periods. Moreover, 
it can provide early warnings of spoilage or quality 
deterioration, allowing businesses to take prompt action, 
such as expedited deliveries or targeted promotions, to 
mitigate any impacts. 
4.1.3 Supply Risk Mitigation 

AI proves to be a valuable tool in effectively 
minimizing various supply risks, such as bottlenecks, 
bullwhip effects, calamities, and other potential 
disruptions. Predicting the estimated arrival time of 
shipments becomes crucial for companies to notify 
customers and loaders in advance or adjust cross-docking 
operations as needed. In scenarios where shipments may 
be held overnight at customs due to bureaucracy or missing 
documents, AI's predictive abilities become vital in 
avoiding potential delays that could incur significant costs 
in JIT mismatches. AI can proactively suggest solutions in 
real-time to minimize these supply risks. 

Various AI techniques applied in this domain include 
ANN/SVM which is used to quantify various resilient 
strategies for risk mitigation (Rajesh, 2020), and FL 
(Fuzzy Logic) to reduce the bullwhip effect as proposed by 
Balan et al. (2007). Mogre et al. (2016) suggested a DSS 
(Decision Support System) using Decision Trees to 
prescribe SC risk mitigation and strategies when the risks 
materialize. 

Watson, an AI-enabled tool developed by US giant 
chipmaker IBM, is equipped with the capability to track 
social media trends, predicting potential occurrences like 
political riots, work strikes, financial climate, and weather 
patterns. This analytical prowess allows Watson to 
effectively monitor SC risks and offer solutions ranked by 
priority, helping businesses make informed decisions and 
mitigate potential disruptions. Additionally, IBM's AI-
powered Supply Chain Insights further aids clients in 
streamlining their decision-making processes by reducing 
risks and disruptions in SC operations.  

Germany-headquartered logistics giant DHL (Dalsey 
Hillblom Lynn) has developed AI-powered Resilience360, 
a cloud-based supply chain risk mitigation platform, that 
utilizes ML and NLP to analyze unstructured texts from 
over 300,000 online sources and sentiments from a 
staggering 8 million posts. This powerful tool serves as an 
early warning  system  for  potential  SC  risks,  providing 
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Table 1 Summary of AI techniques, use cases, examples and proven benefits in the PLAN stage 

Beneficial Results (RQ4)) Industry Examples (RQ3) AI Techniques (RQ1) Use Cases 
(RQ2) 

Enhance SC efficiencies by 10% 
Reduce forecasting errors by 20% 
to 50% 
90% accuracy in demand forecast 
(Otto) 
Anticipatory delivery (Amazon) 
Lower inventory costs, Increase 
profits, Improve customer 
satisfaction 

Otto, DM, Nike, Accenture & 
General Electric (TALERIS), 
Amazon, UPS… 

RNN, SVM, NN Demand 
Forecasting 

Reduce lost sales from stockouts 
by 65% 
Cut inventory by 20 to 50%. 
Reduce inventory by $200 million 
(Microsoft) 
20% reduction in surplus inventory 
(Otto) 
Decrease product returns by over 2 
million items per year (Otto) 
JIT practices, Less time consuming, 
Better meet customer demand 

Nike, Microsoft, Lennox, UK’s 
National Grid (Google's 
DeepMind), Otto, Walmart 

ANN, GA, RL, Random 
Forest 

Inventory 
Optimization 

Analyze over 300,000 online 
sources from 8 million posts to warn 
potential SC risks (Resilience360) 
Predict daily transit time 7 days in 
advance & forecast delays (DHL) 
Lower potential threats, Reduce 
otherwise huge costs, Reduce 
potential SC disruption delays 

IBM (Watson), DHL 
(Resilience360), Microsoft & 
Apple & Ford Motor (Flex Pulse), 
Johnson & Johnson 

ANN, SVM, FL, Decision 
Trees, NLP 

Supply Risk 
Mitigation 

 
valuable insights to mitigate disruptions effectively (DHL, 
2018). 

Utilizing ML, DHL leverages predictive capabilities 
to forecast delays in air freight transit with remarkable 
precision. By accurately predicting the average daily 
transit time for a particular lane seven days in advance, 
DHL enables proactive planning for freight forwarders, 
streamlining logistics operations and ensuring timely 
deliveries (DHL, 2018). Another notable AI solution in the 
industry is US-based Flex's AI software, Flex Pulse, which 
excels in predicting SC risks such as work strikes, 
calamities, and other potential disruptions. With an 
impressive clientele including Microsoft, Apple, and Ford 
Motor, Flex Pulse significantly contributes to enhancing 
risk management strategies. During the COVID-19 
pandemic, companies like US pharmaceutical firm 
Johnson & Johnson too used AI-driven analytics to assess 
and mitigate SC disruptions. 

ML also plays an important role in predicting the 
occurrence of delays and expected arrival times of 
components during transit. If crucial components face 
delays, alternative routes, re-routing, or emergency 
shipments can be suggested to minimize disruptions and 
maintain efficient operations. Moreover, AI can predict 
food spoilage by monitoring the specific temperature and 
time requirements for each food product. Unexpected 
delays or force majeure events affecting temperature can 

be accounted for, allowing for proactive measures to 
prevent spoilage.  
4.2 Source 
4.2.1 Procurement, supplier selection 

AI offers significant advantages in the realm of 
procurement and supplier selection. One of its key benefits 
is the ability to efficiently identify the most optimal 
suppliers and cost-effective options. Through 
comprehensive analysis of suppliers' risk profiles, track 
records, and feedback, AI assists in evaluating and ranking 
potential suppliers and transporters. With the help of an 
AI-driven DSS, businesses can streamline their supplier 
evaluation process, automating the ranking of suppliers 
based on various parameters and criteria. This data-driven 
approach ensures that the procurement team can make 
well-informed decisions, selecting suppliers who offer the 
best value, reliability, and quality. 

Procurement systems using AI can automate tasks 
such as purchase requisition, supplier negotiation, and 
contract management to streamline the purchasing process. 
Sharma et al., (2022) found that the most popular AI 
techniques in selecting suppliers are a combination of 
fuzzy set theory and MCDM (Multicriteria Decision-
Making) models. Other systems include ANN and genetic 
algorithms (Riahi et al., 2021) while other scholars 
combined ANN with additional approaches like Data 
Envelopment Analysis (DEA) and Analytic Network 
Process (ANP) for supplier selection (Kuo et al., 2010). 
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Table 2 Summary of AI techniques, use cases, examples and proven benefits in the SOURCE stage 

Beneficial Results (RQ4)) Industry Examples (RQ3) AI Techniques (RQ1) Use Cases 
(RQ2) 

Close deals with suppliers in days 
instead of months (Walmart) 
Cost savings, Risk management, 
better supplier partnerships, less 
time consuming, increased profits 

Scoutbee, SAP Ariba, Toyota, 
Walmart (Pactum AI) 

FL, ANN, GA, Decision 
Trees, SVM, Q learning, 
NLP 

Procurement, 
Supplier Selection 

Besides ANN, other ML techniques most commonly used 
in supplier selection are Decision Trees and SVM and Q 
learning (Tirkolaee et al., 2021.) FL (Fuzzy Logic) is also 
suggested for supplier selection (Carrera and Mayorga, 
2008) for new product development. 

In terms of procurement, AI contract management 
solutions like Conga Contracts automate the creation, 
review, and monitoring of contracts. These systems use AI 
to extract key terms, analyze clauses and ensure 
compliance (Hirvonen-Ere, 2023). Contract management 
automation accelerates the procurement process and 
reduces contract risks. In terms of documentation, Coupa, 
an AI-powered expense management platform, uses NLP 
to process purchase orders and invoices automatically 
(Kumar et al., 2023). This reduces manual effort and 
minimizes errors.  

For supplier selection, Scoutbee from Germany 
developed an AI-powered system to help companies find 
the best suppliers globally by analyzing vast amounts of 
data from a variety of sources. It collects and processes 
data from various suppliers, including their capabilities, 
track records, certifications, financial stability, and 
customer feedback and uses NLP to interpret and 
understand unstructured data, such as supplier profiles, 
news articles, and social media posts, to gain deeper 
insights into potential suppliers. In 2020 Scoutbee raised 
$60 million in Series B funding to expand the system 
(Musgrove, 2020). 

Other examples include AI-driven procurement 
systems such as SAP Ariba that use ML algorithms to 
automatically identify and evaluate potential suppliers 
based on historical data, performance metrics, and market 
intelligence (Yarramalli, 2020; Singh, 2023). Leavy 
(2023) highlighted how AI improves supplier relationship 
management by analyzing historical data and assessing 
risks. Organizations such as Japanese carmaker Toyota 
have implemented AI-driven supplier assessment systems 
to identify potential SC risks and disruptions. These 
systems facilitate informed supplier selection, negotiation, 
and risk mitigation decisions. AI collaboration platforms 
have changed the way SC partners communicate and 
coordinate. 

In 2023, Bloomberg highlighted that Walmart has 
used chatbots for negotiating optimal pricing and payment 
terms with several suppliers and vendors through Pactum 
AI's chatbot. This intelligent system has the capability to 
analyze present supplier proposals against historical data 
and competitor pricing. With the assistance of AI chatbots, 
deals that once took weeks or even months when solely 
handled by humans are now closed within days, ultimately 
bolstering profitability. 

4.3 Make 
4.3.1 Product Quality Assurance and Smart Warehouse 
Management 

In manufacturing, image recognition powered by 
Machine Vision plays a vital role in identifying and sorting 
products, detecting defects, scratches, or dents. Cameras 
equipped with AI can also conduct product counts and 
promptly alert human operators in case of missing items or 
potential thefts. Machine Vision is powered by several AI 
techniques including CNN (Convolutional Neural 
Network), Object Recognition, Image Segmentation, 
among others. 

Such image processing techniques are employed to 
detect surface imperfections like dents and scratches on 
products. This level of precision is particularly valuable to 
industries like car makers. Sensor data, including radar 
sensors and Lidar (Light Detection and Ranging), enables 
AI to distinguish between moving and static objects and 
classify them based on Semantic Segmentation, 
localization, and Instance Segmentation. Additionally, 
RFID (Radio Frequency Identification) technology is 
widely used for product tracking and identification. 

Zhao et al., 2021 used CNN to successfully identify 
nearly 98% of defects in the textile industry. Similarly, 
Unajan et al., (2019) applied Machine Vision with Deep 
Learning to accurately identify product scraps with an 
accuracy rate of 85% while Villalba et al., (2019) 
developed DNN (Deep Neural Network) to successfully 
and automatically classify 98.4% of products in the 
production of gravure cylinders. In warehouses, AI-driven 
programs monitor employee movements, allowing for 
accurate predictions of task completion times. IBM's 
Watson, for instance, demonstrates exceptional accuracy 
in detecting cargo defects from real-time images, 
achieving over 90% accuracy (Binns, 2018). Detected 
anomalies are relayed to maintenance teams for timely 
correction. Watson, fed with images from cameras 
installed along the tracks, will classify and identify 
damages and prescribe suitable repairs for wagons (DHL, 
2018).  

Companies like GreyOrange utilize AI warehouse 
services to handle changing inventories and demand 
volatilities in real-time, reducing lead times, and ultimately 
improving customer satisfaction and order fulfillment. In 
the field of robotics, Deep Learning has brought about a 
transformation by empowering robots to manipulate 
objects without reliance on fixed positions. Finnish firm 
ZenRobotics utilizes ML and Machine Vision in its robot 
system to identify different labels and logos on beverage 
and food cartons, as well as recyclables. The robots 
efficiently sort and pick up these items from conveyor belts 
at an impressive rate of 4,000 items per hour. (DHL, 2018). 
UK supermarket Ocado utilizes AI-enabled robots to 
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transport products to human workers responsible for 
packing them into shopping bags for delivery (Dale, 2018). 
Subsequently, other robots or cobots (collaborative robots) 
carry the bags to trucks driven by humans, destined for 
customers' homes. According to McKinsey (2017), such 
cobots can increase productivity by an impressive 20%. 

Similarly, German retailer Metro Cash & Carry 
leverages ML to differentiate between stationary and 
moving pallets on RFID-tagged loading ramps, 
significantly reducing false positive readings and correctly 
classifying over 95.5% of data (Wenzel et al., 2019). 
Japanese firm NEC utilizes image recognition technology 
to efficiently sort products and determine which items to 
ship, matching a scheduled list (Yosuke et al., 2017). 
Meanwhile, US chipmaker Intel Corp employs ML to 
expedite the resolution of design problems for 
semiconductor makers, increasing efficiency in the 
manufacturing process (Burgess, 2018). 

Advancements in speech-to-text technology have 
given rise to voice-powered AI, constantly improving 
accuracy. It is estimated that humans misunderstand an 
average of 6% of words, while AI-enabled voice assistants 
equipped with state-of-the-art speech-to-text technology 
can reduce this error rate to even less than 5%, surpassing 
human language comprehension (Yakubovskyi and 
Morozov, 2023). Voice recognition technology powered 
by Deep Learning guides operators on what and where to 
pick orders, while truck drivers can communicate with 
their trucks to identify the destination terminal using 
earplugs. 

To ensure the well-being of employees in these smart 
warehouses 4.0, IoT (Internet of Things) wearables are 
provided to the operators. These wearables can capture and 
monitor abnormal data, such as heart rate, blood pressure, 
or falls. If any anomalies are detected, the supervisors are 
immediately alerted, allowing prompt assistance. 
Additionally, the conditions of stock are constantly 
monitored using heat and humidity sensors, ensuring the 
proper storage of products. RFID technology is employed 
to trace incoming and outgoing inventory, enabling 
efficient tracking and management. All collected data is 
seamlessly integrated into an ERP system for 
comprehensive analysis and decision-making. 

Moreover, RFID technology has been adopted by 
various companies, including Walmart, Procter & Gamble, 
and the US Department of Defense, for tracking products 
and preventing theft. RFID readers and tags record 
essential data like ID numbers, product types, and 
manufacturer names, facilitating efficient inventory 
management. Beyond product tracking, warehouse 
management programs can also utilize data to track the 
movement of employees, enabling the prediction of task 
completion times and enhancing overall operational 
efficiency. Canadian startup TwentyBN has developed an 
AI technology capable of analyzing human behavior 
through video feeds, enabling it to detect incidents such as 
people falling or engaging in shoplifting activities. This 
application enhances operational safety and helps prevent 
accidents and thefts in various settings. In 2021, it was 
acquired by US mobile tech firm Qualcomm (Freeman, 
2021). 

Other examples of smart warehousing come from the 
Chinese e-commerce giant Alibaba, which operates a 
warehouse in Huiyan. In this warehouse, 60 robots are 
employed to transport items weighing up to half a ton to 
human workers responsible for packing. These robots are 
equipped with laser sensors that enable them to scan their 
surroundings, avoiding collisions with objects and 
personnel. Additionally, they autonomously navigate to 
charging stations when required. This efficient system 
increases stock handling capacity by up to three times 
while reducing labor costs by an impressive 70% (Alim & 
Kesen, 2020). 

Sohrabi (2023) discussed how AI-enabled IoT devices 
provide real-time tracking and visibility across the SC. 
This enhanced visibility improves the accuracy of demand 
forecasting, enables better decision-making, and improves 
customer service. Meanwhile, French company Qopius 
has developed an AI system capable of identifying various 
elements such as price tags, logos, brands, and labels. 
Additionally, it can recognize when a shelf is out of stock, 
helping improve inventory management and store 
operations (DHL, 2018). 

In the realm of agriculture, US machinery maker John 
Deere employs IBM Watson at its production factory in 
Mannheim, Germany. Deep Learning-powered cameras 
are used to detect product faults, and Watson provides 
explanations to human operators on methods to fix the 
issues. Workers can even interact with Watson, asking it 
questions related to the faults. The smart system then 
automatically orders the correct parts and suggests an 
optimal time for maintenance, enhancing production 
efficiency. (DHL, 2018). 

The integration of AI and automation has given rise to 
the concept of "lights out" or dark warehouses. Factories 
employing this technology use robots with visual 
perception capabilities to function effectively without 
traditional lighting. As approximately 30% of energy 
consumption in warehouses is attributed to lighting (Alim 
& Kesen, 2020), these energy-efficient dark warehouses 
contribute to reducing carbon footprints, aligning with the 
principles of a circular and sustainable economy. 

AI also plays a significant role in enhancing product 
grouping and warehouse optimization based on customer 
behavior, repeat purchases, and order history. By 
analyzing seasonality and geographical factors, AI 
intelligently suggests grouping specific products together, 
optimizing the efficiency of warehouse operations. This 
not only improves the overall customer experience but also 
leads to cost savings in electricity and maintenance 
expenses. 
4.3.2 Predictive Maintenance 

Predictive maintenance, also known as prognostic 
maintenance, is a proactive approach that involves 
predicting when warehouse machines are likely to break 
down and recommending timely repairs and maintenance. 
This strategy significantly reduces downtime and repair 
costs by detecting microscopic cracks, scratches, and 
defects in warehouse facilities and production lines 
Predictive maintenance relies. on predictive analytics, 
which collects data from sensors to forecast machine 
breakdowns and duration, ultimately minimizing 
downtimes and preventing unscheduled repairs. By 
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Table 3 Summary of AI techniques, use cases, examples and proven benefits in the MAKE stage 

Beneficial Results (RQ4)) Industry Examples (RQ3) AI Techniques (RQ1) Use Cases 
(RQ2) 

Over 90% accuracy in detecting 
cargo defects from real-time images 
(Watson) 
Correctly classify over 95.5% of 
data (Metro Cash & Carry) 
Increase stock handling capacity by 
up to 3 times while reducing labor 
costs by 70% (Alibaba) 
Increase productivity by 20% (with 
cobots) 
Improve product quality and 
operational efficiency, decrease 
defects, increase productivity, faster 
decision making, increase profits, 
decrease fuel consumption, 
enhance safety 

IBM's Watson, Metro Cash & 
Carry, Intel, Alibaba, John Deere 

Machine Vision (CNN, 
Object Recognition, 
Image/Semantic/Instance 
Segmentation…), Deep 
Learning, NLP 

Product Quality 
Assurance, Smart 
Warehouse 
Management 

10% reduction in maintenance 
costs  
20% decrease in annual downtime 
Decrease repair costs, decrease 
defect rates, Enhance safety 

General Electric, Volvo Deep Learning, RL, 
Decision Trees 

Predictive 
Maintenance 

leveraging Machine Vision and image processing, 
including Object Identification, Image Recognition, and 
Instance Segmentation, AI can detect even the tiniest 
cracks and defects in warehouse infrastructure. The 
incorporation of small robots with gas sensing capabilities 
further ensures potential gas leakages are identified 
promptly and addressed early on. 

Predictive maintenance mainly relies on ML 
applications (Kumar and Hati, 2021), with Deep Learning 
specifically being applied for predictive fault detection in 
induction motors (Luo et al., 2019). Other techniques to 
predict machine failures are RL (Encapera et al., 2021) and 
Decision Trees (Kaparthi and Bumblauskas, 2020). In a 
report titled "Smartening up with Artificial Intelligence" 
published in 2018, global consulting firm McKinsey 
revealed that predictive AI can lead to a 10% reduction in 
maintenance costs and up to a 20% decrease in annual 
downtime (McKinsey, 2018a). These AI-driven 
advancements in predictive maintenance technology 
contribute to improved warehouse efficiency, cost savings, 
& enhanced safety by addressing issues before they 
escalate and disrupt operations. Molęda (2023) discussed 
how companies such as US-based MNC General Electric 
use AI algorithms to predict equipment failures and 
optimize maintenance schedules, thereby reducing 
downtime and maintenance costs. Other real-world 
examples include Swedish carmaker Volvo which has 
developed a truck type installed with multiple sensors 
inside to identify when and where maintenance is to be 
carried out. (DHL, 2016).  
4.4 Deliver 
4.4.1 Route Optimization 

ML and graph theory play a crucial role in 
determining the most efficient routes for transportation. 
Leveraging real-time data from in-transit shipments, AI 
can accurately predict the departure, potential delays, and 
expected arrival times of cargo. When a critical component 

shipment is running late, the intelligent system promptly 
suggests alternative routes, re-routing options, or 
emergency shipments, all while considering traffic 
conditions and traffic signal patterns. The impact of AI on 
logistics and route optimization is evident in cases such as 
US transport giant FedEx, which uses AI algorithms to 
optimize delivery routes based on real-time traffic data, 
weather conditions, and delivery schedules. Loske (2021) 
highlighted that AI-enabled logistics solutions reduce 
transportation costs, shorten delivery times, and increase 
overall customer satisfaction. 

GA have been successfully applied for routing 
optimization in SC, specifically vehicle routing and 
scheduling (Chen et al., 1998, Park 2001); delivery and 
pickup (Jung and Haghani, 2000); bus network 
optimization (Bielli et al., 2002); minimum spanning tree 
(Zhou and Gen, 1999). Chambers (2001) in fact found out 
that GA is among the most popular AI methods used to 
solve network transportation issues. Hill and Böse (2016) 
discovered that applying an ANN-enabled DSS to design 
the optimal routing of trucks could lead to a decrease in 
waiting times and workloads while Michalewicz and Fogel 
(2004) found that the famous TSP (traveling salesman 
problem) could be solved using FL. 

AI goes beyond route optimization by learning 
drivers' preferences for specific routes and recommending 
the most favored paths accordingly. It efficiently manages 
and allocates drivers to specific routes based on the time of 
day or month, maximizing resource utilization and 
productivity. By constantly monitoring the real-time 
location and conditions of shipments, AI ensures on-time 
deliveries and dynamically adjusts plans as circumstances 
change, significantly reducing lead times and the overall 
carbon footprint. Route optimization powered by AI has 
been reported to achieve a remarkable 20% reduction in 
fuel consumption (Jovičić et al., 2011). This is in part 
assisted by satellite imagery firms among which is 
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DigitalGlobe that provides high-resolution images of the 
earth's surface, offering valuable input and insights. Its 
satellites can identify lane information and new road 
markings even before they are officially updated on the 
maps. 

In other industry cases, UPS leverages ML to 
anticipate weather turbulence and recommends alternative 
routes accordingly. Through UPS' On-Road Integrated 
Optimization and Navigation system, the company 
calculates the most efficient path for road deliveries. By 
utilizing ML algorithms, UPS can dynamically adjust 
delivery routes based on real-time weather data, ensuring 
timely and reliable deliveries even in the face of 
challenging weather conditions. This predictive and 
prescriptive approach enables UPS to optimize its 
operations, minimize disruptions, and enhance overall 
customer satisfaction. 

In other instances, DHL and Chinese smartphone 
maker Huawei collaborated to develop a sensor system 
installed inside mailboxes. These sensors relay 
information to the nearest or "most optimal" DHL drivers, 
allowing for more efficient pickups and reducing drivers' 
waiting times by an impressive 50% (Alim & Kesen, 
2020). These advancements in AI-driven technologies are 
revolutionizing transportation and logistics, leading to 
enhanced efficiency and sustainability. 
4.4.2 Dynamic Pricing 

Dynamic pricing, unlike fixed pricing, allows for 
flexibility, ensuring that prices accurately reflect the 
current market conditions, optimizing profits. It is a 
powerful AI use case that involves continuously adjusting 
prices based on various factors, such as demand, 
seasonality, social media trends, time of the day (time-
based pricing), weather conditions, competitors' prices, 
and individual shopping habits.  

Leung et al. (2019) proposed applying FL to enable 
dynamic pricing that resulted in an increase in quotes 
acceptance rate by 78% and a 60% reduction in the average 
planning time of offers. AI enables personalized pricing by 
analyzing customer data to tailor prices based on 
individual preferences and purchase history. Amazon uses 
AI algorithms to recommend personalized prices to 
customers, improving customer experience and increasing 
sales (Chen et al., 2016) while American Delta Airlines 
leverages AI to analyze real-time data such as demand, 
competitor prices, and historical sales to dynamically 
adjust ticket prices. 

This ensures that products are competitively priced 
while maximizing returns. E-commerce platforms like 
eBay also use AI to adjust prices in real time based on 
factors such as customer behavior, competitor pricing, and 
product availability. This approach allows sellers to 
quickly adapt to market conditions and optimize their 
revenue potential (Hann, 2006). Dynamic pricing has been 
considered for the tourism sector (Guizzardi et al., 2021) 
with the hotel industry applying AI-based revenue 
management systems to optimize pricing for hotel rooms, 
event spaces, and other offerings. For example, US-
headquartered hotel chain Marriott uses AI algorithms to 
adjust prices based on factors such as occupancy, 
seasonality, and local events (Kardaras et al., 2013). 

Not limited to service providers, commodity firms 
also leverage AI-prescribed dynamic pricing through ESL 
(Electronic Shelf Labelling), allowing them to instantly 
adjust product prices based on AI recommendations. 
Prominent companies like Compass Marketing, in 
collaboration with Panasonic, are actively working on 
innovations like Powershelf, which facilitate instant price 
adjustments within minutes and from remote locations. As 
AI-driven dynamic pricing proves its effectiveness and 
efficiency, traditional static pricing is expected to take a 
back seat in the future. The gradual shift towards dynamic 
pricing will enable businesses to adapt quickly to market 
changes and optimize their revenue streams effectively. 
4.4.3 Last Mile Delivery, Customer Service 

AI applications have become pervasive throughout the 
SC, spanning from the procurement stage to the final 
delivery. Even LMD (last-mile delivery) and customer 
service are benefiting from AI technologies. Automatic 
delivery utilizes a combination of AI methods namely GA 
and ANN for route optimization; CNN, Object 
Recognition, Image Segmentation…for Machine Vision to 
recognize objects; and NLP for communication (Chen et 
al., 1998; Park, 2001; Jung and Haghani, 2000; Bielli et 
al., 2002; Zhou and Gen, 1999; Chambers, 2001; Hill and 
Böse 2016). 

In this domain, Google has made remarkable strides 
through its Wing unit, which has successfully completed 
330,000 drone deliveries. Walmart has also entered the AI-
driven delivery arena, partnering with Zipline for 600,000 
air deliveries, primarily focused on medical supplies in 
Africa. Meanwhile, Amazon has ambitious plans for 
10,000 drone deliveries in 2023, despite having executed 
only 100 so far (Tarasov, 2023). These autonomous drone 
delivery systems leverage AI to avoid collisions with other 
drones and navigate around obstacles such as power lines 
and tall buildings, ensuring efficient and safe operations. 
UPS has also collaborated with Zipline to deliver medical 
supplies via drones in Rwanda. On the ground, AI- 
powered delivery solutions are transforming the food 
industry. Google teamed up with Chipotle industry. 
Google teamed up with Chipotle to deliver burritos at 
Virginia Tech, while US pizza restaurant chain Domino's 
Pizza partnered with Flirtey for pizza delivery in New 
Zealand. Additionally, Domino's has joined forces with 
Nuro, a California-based firm, to deliver pizzas in 
Houston, Texas, using Nuro's autonomous cars (Wood, 
2021). 

Many firms have employed or are considering using 
autonomous vehicles. Amazon is a prominent player in this 
race. In 2020, the company made a significant move by 
acquiring Zoox, a self-driving startup, for a staggering $1.2 
billion Since 2016, Amazon has been actively exploring 
drone deliveries, aiming to achieve swift deliveries within 
30 minutes. Meanwhile, Google's Waymo unit is also 
making strides in the autonomous vehicle domain. In 2020, 
Waymo announced a total of $3.2 billion in funding for 
investments in self-driving vehicles (Feiner, 2021). 
Waymo is developing driverless trucks and anticipates 
revenues of US$114 billion by 2030 (Waymo, 2020).  

In the food industry, US-based restaurant KiwiBot 
utilizes AI-powered robots to deliver meals, harnessing 
behavioral neural networks to optimize the delivery 
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Table 4 Overview of AI techniques, use cases, examples and proven benefits in the DELIVER stage 

Beneficial Results (RQ4)) Industry Examples (RQ3) AI Techniques (RQ1) Use Cases 
(RQ2) 

Cut drivers' waiting times by 50% 
(DHL & Huawei) 
Reduce fuel consumption by 20% 
Reduce costs, Decrease lead 
times, Enhanced customer 
satisfaction 

FedEx, UPS ( On-Road 
Integrated Optimization and 
Navigation), DHL & Huawei 

GA, ANN, FL Route 
Optimization 

Increase in quotes acceptance rate 
by 78% 
60% reduction in average planning 
time of offers. 
Increase profits, More sales 

Delta Airlines, Amazon, eBay, 
Marriott 

FL Dynamic Pricing 

Automatic delivery 
Increase Customer satisfaction 
(voice app, chatbots) 
Reduce operational costs by up to 
70% (Jenny) 
Shorten lead times, better 
understand customer, better CRM 

Google, Walmart, UPS, 
Domino's Pizza, McDonald, 
DHL, Home (Google), Alexa 
(Amazon), Cortana (Microsoft), 
Siri (Apple) 

GA, ANN, Machine Vision 
(CNN, Object Recognition, 
Image Segmentation…), 
NLP 

Last Mile 
Delivery, and 
Customer 
Service 

 
process and improve customer service. Furthermore, 
Google's self-driving car system has been officially 
recognized as a driver in the US. According to a survey 
conducted by Grace et al., (2018), respondents predict that 
AI will surpass human performance in driving trucks by 
2027, and there is a 50% likelihood of AI automating all 
human jobs within 120 years. Autonomous vehicles utilize 
advanced Deep Learning algorithms and sensing 
technologies to process real-time incoming data. Through 
these sophisticated systems, they can identify crucial 
elements such as street markings, road signs, obstacles, 
and traffic signals, enabling safe and efficient autonomous 
navigation on the roads. 

To enhance customer satisfaction, businesses utilize 
NLP-assisted chatbots like ChatGPT that possess the 
ability to comprehend human languages and nuances, 
providing instant responses to customer queries 24/7. NLP 
employs statistical  methods to analyze word phrases and  
and patterns in speech or text, even understanding jargon 
in different contexts and evolving as these jargons change 
over time. NLP are ubiquitously used in AI chatbots to 
answer customer queries and execute direct sales 
(Zdravković et al., 2022; Toorajipour et al., 2021). AI 
plays a crucial role in analyzing customer behavior data, 
such as idle time spent browsing the web and sentiment 
variations during different hours. This analysis enables AI 
to suggest the most opportune and receptive moments for 
engaging customers in product recommendation 
discussions.  

AI-powered sentiment analysis tools such as 
Lexalytics analyze customer feedback from social media, 
reviews, and surveys to measure customer sentiment 
toward products and services. Starbucks also uses 
sentiment analysis to understand customer reactions to 
new menu items and promotions, allowing them to tailor 
their offerings based on feedback. Since personalization 
increases customer engagement and conversion (Bleier et 
al., 2018), Amazon's recommendation engine uses AI 
algorithms to analyze browsing and purchase history to 
suggest relevant products. Companies are also using 

guided AI to analyze call center records and customer 
interactions. For example, Delta Airlines uses AI to 
transcribe customer calls and identify trends and concerns 
while US fast food chain McDonald's uses AI kiosks to 
suggest additional items based on customer orders, 
resulting in increased sales (Chicago Tribune, 2019). 

AI-powered apps like Google's Home, Amazon's 
Alexa, Microsoft's Cortana, and Apple's Siri facilitate 
product searches and purchases through voice commands, 
streamlining the shopping process. Innovative applications 
of AI in the retail industry extend to companies like 
Sephora, which leverages the AI-powered Visual Artist 
program. This program suggests cosmetic products 
tailored to each customer's facial features using computer 
vision and Augmented Reality (Kumar et al., 2018). 

In the realm of brick-and-mortar stores, Amazon Go 
has introduced an AI-driven shopping experience. 
Shoppers check in at the store, place products in their carts, 
and can leave without the need to pay at the checkout 
counter. The store's system of cameras detects the products 
chosen by the shopper, debits their accounts, and emails 
the receipts accordingly, revolutionizing the traditional 
shopping process. In the future, supermarkets could 
implement AI systems that leverage cameras to analyze 
shopper behavior. For instance, if a customer places a 
bottle of wine in their cart, AI could suggest other similar 
products like beer or beef to pair with the wine and direct 
the shopper to the corresponding shelves, potentially 
through a video screen on the cart. 

In 2017, DHL Parcel introduced a voice-based service 
to track LMD using Amazon's Alexa. Through an Echo 
speaker, customers can inquire about their product's 
whereabouts and expected delivery time. By simply 
speaking their tracking number, the Echo speaker provides 
them with the latest shipment information. Moreover, 
customers have the option to request Alexa to transfer their 
queries to human operators for further assistance. Another 
innovative conversational AI, "Jenny," developed by 
Israel's package.ai, interacts with customers via SMS or 
Facebook Messenger to gather instructions on a 
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convenient pickup time and location, as well as 
confirmations. Jenny also keeps delivery drivers updated 
on any last-minute changes and collects feedback from 
parcel recipients. The startup claims that its chat-based 
smart system can significantly reduce operational costs by 
up to 70% (DHL, 2018). Thanks to those ingenious CRM 
algorithms, Deb et al. (2018) argue that retailers can now 
anticipate their customers' desires even before the 
customers themselves are aware of their true preferences. 

5. SUMMARY, DISCUSSIONS 
AND FUTURE RESEARCH  

This study provides an overview of various AI 
applications and real-world examples in SCM. We found 
out that AI is used widely across all four stages of the 
SCOR model, especially in the first stage PLAN. To 
answer RQ1, the most commonly used AI techniques 
include NN, ANN, CNN, RNN, GA, SVM, RL, FL, NLP, 
Decision trees, Object Recognition, and Image 
Segmentation. For RQ2, significant benefits are found 
across the 4 SC processes, namely PLAN (demand 
forecasting, inventory optimization, supply risk 
mitigation), SOURCE (procurement, supplier selection), 
MAKE (product quality assurance, smart warehouse 
management, predictive maintenance), and DELIVER 
(route optimization, dynamic pricing, and LMD, and 
customer service).   

Addressing RQ3, industry examples include DHL, 
IBM, DM, Otto, UPS, Walmart, Amazon, Nike, Google, 
Microsoft, Apple and Alibaba while practical benefits of 
applying AI in SCM (RQ4) are enhanced SC efficiencies, 
lower costs, higher profits, improved customer 
satisfaction, time saving, reduced potential SC disruption, 
better suppliers/customers relationships, improved product 
quality and operational efficiency, faster decision making, 
enhanced safety, and shorter lead times, among others. 

 

 
Figure 3 AI use cases in SCM according to SCOR. 

 
Despite our best efforts, this study has several 

limitations one of which lies in its methodology. This is a 
review paper lacking empirical evidence or primary data. 
Case studies with in-depth analysis and expert interviews 
are needed to gain further insights into this topic. Since we 
use Google search for industry cases and for gray literature 
which leads to thousands, if not more, hits, it is almost 
impossible to check all results and we may not be 
exhaustive. Besides, Google search algorithms are 
personalized, hence each search result is different and 
based on previous searches, hence results could be biased. 

Although we try to be as inclusive as possible, this 
paper should be treated as a supplementary overview and 
not as a systematic or exhaustive research. Also, we could 
miss many new hybrid AI techniques or simply fail to 

capture them all since the field is so vast and evolving day 
by day. We also do not address the RETURN stage of the 
SCOR model since we consider it the reverse side of the 
four treated stages but we may be wrong and there could 
be different AI applications and use cases in this “return” 
process. Future studies could explore this aspect. In 
addition, we do not include failed instances as companies 
only publish successful applications and may not report 
unsuccessful ones. Besides, not many corporations publish 
their AI application results and those that do tend to be 
biased towards giant consultancies and MNCs.  

In the future, research could focus on AI adoption 
challenges. Singh et al., (2022) cited them as system 
interoperability, scalability, training cost, operational costs 
and called for further study into this topic. Then a study on 
the RETURN processes should be done since there could 
be different AI applications and use cases in this “return” 
stage. Case studies with in-depth analysis and expert 
interviews to gain further insights into this topic are 
another direction for upcoming research. Then, the 
integration of AI and blockchain technology into SCM is 
anticipated. Wang et al. (2019) list blockchain's numerous 
benefits in SCM. Though blockchain in SCM is highly 
effective and the combination of AI and blockchain in 
SCM could be highly synergistic (Dinh & Thai, 2018; 
Zheng et al., 2019; Rodriguez et al. 2020), the field is in 
its nascent stage. Tsolakis et al. (2022) conducted a 
systematic literature review and found only five works 
exploring AI-blockchain integration in SCM, which as 
such could serve as another fertile ground for future study. 

With companies like Unilever serving as pioneers in 
driving initiatives for a more environmentally friendly and 
sustainable SC, greening the SC by leveraging AI is one 
potential research avenue. However, despite progress in 
Industry 4.0, the implementation of smart Cyber-Physical 
Systems (CPS) and the IoT also raises ethical concerns. 
Accusations have been made against Amazon for treating 
employees like robots. Whistleblowers expose the use of 
extensive tracking software, thermal scanners, wristbands, 
and scanning machines to monitor employee activities. 
Managers are notified if employees are idle for more than 
18 minutes per shift, even during breaks such as drinking 
water or using the restroom (Brintrup, 2023). Therefore, 
further study on AI ethics in SCM is recommended. 

Additionally, research into human trust in AI within 
the SC context is essential, given its mixed track record. 
From deadly accidents involving automated vehicles 
(Lubben, 2018) to rising AI models like ChatGPT 
generating convincing fake information (Faisal, 2023), 
trust has been undermined. Additionally, biases in data 
input and algorithms (Asan, 2020) also influence trust. 
Addressing these ethical concerns is crucial to ensure the 
successful and responsible implementation of AI in the SC 
and other domains. 

6. CONCLUSION 
Driven by the growing complexity and uncertainty in 

global supply chains, this study explores how AI can 
enhance performance, resilience, and decision-making. 
Taking a practical perspective, it examines commonly used 
AI techniques, real-world applications, and their benefits, 
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using the SCOR framework—plan, source, make, 
deliver—for clarity and relevance. For RQ1, we identified 
key techniques such as neural networks, genetic 
algorithms, SVM, reinforcement learning, fuzzy logic, and 
NLP. RQ2 shows AI is widely applied across all SCOR 
stages: PLAN (demand forecasting, inventory 
optimization, supply risk mitigation), SOURCE 
(procurement, supplier selection), MAKE (product quality 
assurance and warehouse management, predictive 
maintenance), and DELIVER (route optimization, 
dynamic pricing, last-mile delivery and customer service). 
RQ3 highlights adoption by multinationals and smaller 
firms alike, while RQ4 reveals benefits such as efficiency, 
cost savings, better service, and faster operations. This is 
the first study to integrate theory with practice by mapping 
specific AI methods, use cases, and outcomes to SCOR. It 
contributes theoretically by linking AI to supply chain 
results, and practically by offering actionable insights for 
firms adopting AI. 
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DM = Drogerie Markt 
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DSS = Decision Support System 
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MCDM = Multicriteria Decision-Making 
ML = Machine Learning  
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NLP = Natural Language Processing 
NN = Neural Networks 
OLAP = Online analytical processing 
RFID = Radio Frequency Identification 
RL = Reinforcement Learning 
RNN = Recurrent Neural Networks 
RQ = Research Question 
SC = supply chain 
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