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Abstract: Supply chain management faces many challenges and opportunities in increasingly fierce global competition. The 
surge in data volume and the decline in data quality brought about by the era of big data has prompted enterprises to introduce 
advanced machine learning techniques to optimise supply chain management. This paper explores the application of machine 
learning in sensing supply risk, demand forecasting, inventory optimisation, and distribution and transportation planning to 
improve the ability of enterprises to predict and respond to market changes by automatically identifying and extracting patterns 
in data, thereby improving operational efficiency and customer satisfaction. While there are challenges such as data quality and 
availability when implementing machine learning solutions, these issues can be addressed with proper planning and deployment, 
and enterprises can stay ahead and grow sustainably in a competitive market. 
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1. Introduction 
Supply chain management faces many challenges and 

opportunities in today's competitive global environment. The 
COVID-19 pandemic, global trade turmoil and increased 
market competition are driving substantial changes in supply 
chain management. The competition is no longer limited to 
the product itself. [1] Still, it extends to providing 
comprehensive supply chain services and information 
management to ensure maximum customer value and achieve 
sustainable competitive advantage. 

In the era of big data, supply chain managers face 
enormous data challenges. While the volume of data is 
increasing, the quality of data can decline, creating significant 
challenges for the management and analysis of supply chains. 
More and more enterprises are incorporating supply chain big 
data platforms into their IT architecture to address these issues 
while introducing the most advanced machine learning 
technologies. [2] These technologies can help companies 
perceive supply risk, forecast demand, optimise inventory and 
improve distribution and transportation planning, thereby 
increasing the operational efficiency and flexibility of the 
supply chain. 

This paper will explore the potential and direction of 
machine learning in sensing supply chain risk, demand 
forecasting, inventory optimisation, and distribution and 
transportation planning by examining examples of its 
application in supply chain management. [3][4]In supply 
chain management, machine learning helps businesses 
improve service levels and customer satisfaction by 
automatically identifying and extracting patterns in data to 
predict and respond to market changes more accurately. 

2. Related Work 

2.1. Machine Learning Algorithm 
2.1.1. Decision Tree 

The decision tree construction process starts at the root 

node and gradually splits the data set until it reaches the leaf 
nodes, each representing a category or value. When building 
a decision tree, the algorithm selects the best-split point based 
on the characteristics of the data to divide the data into pure 
subsets. Here are a few critical points of the decision tree 
algorithm[5]: 

1. Feature selection: The decision tree algorithm selects the 
best-split feature by evaluating the importance of each feature. 
Standard feature selection methods include information gain, 
Gini coefficient or variance reduction. 

2. Node splitting: Once the splitting feature is selected, the 
algorithm divides the data set into multiple subsets according 
to different values of the feature. This process is performed 
recursively until a stopping condition is reached, such as a 
maximum depth, the number of samples the node contains is 
less than a threshold, and so on. 

3. Prediction and generalisation ability [6]: The decision 
tree has good generalisation ability, can handle various data 
types, and can adapt to complex decision boundaries. It can 
be used for classification and regression problems, such as 
predicting numerical data[7]. 

Advantages and application scenarios of decision tree 

 
Figure 1. Decision tree architecture 

 
Strong interpretation: The rules generated by the decision 

tree model can be interpreted intuitively and help analysts 
understand the data's patterns and relationships. 

1. Dealing with nonlinear relationships: Decision trees can 
effectively capture nonlinear relationships between features 
and have good adaptability to complex data distribution. 

2. Decision trees are widely used in medical diagnosis, 
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financial risk control, marketing, and other fields, especially 
in the transparent and explicable decision support system[8]. 

The development of decision tree algorithms is not limited 
to the basic form but also covers many extended and 
improved versions, such as random forest, gradient lift tree, 
etc. These algorithms improve predictive performance and 
robustness through ensemble learning methods and are 
suitable for more complex and large-scale data analysis tasks. 
Decision trees, one of the essential algorithms in machine 
learning, provide powerful tools and methods for solving 
practical problems with intuitive modeling and good 
adaptability. 

Decision trees have been effectively utilized in supply 
chain management to optimize inventory levels based on 
various factors and historical data. [9]For instance, a global 
retail chain used decision tree algorithms to streamline their 
inventory management processes. By analyzing sales data, 
seasonal trends, and supplier lead times, the decision tree 
model identified optimal reorder points for different product 
categories. This approach helped the company reduce excess 
inventory while ensuring products were available to meet 
customer demand, improving cash flow and operational 
efficiency. 

2.1.2. Naive Bayes 
Bayes' Theorem is fundamental in probability theory, 

which describes the probability of an event occurring under 
certain known conditions. Specifically, Bayes' principle can 
be expressed by the following formula: 

P(A∣B)=P(B)P(B∣A)⋅P(A)            (1) 
Where P(A∣B) represents the probability of event A 

occurring in the case of event B occurring, the Bayesian 
principle has wide applications in many fields, such as supply 
chain management, where it can be used to calculate the 
probability of A customer's order being delayed (event B) in 
the presence of a constraint on supplier capacity (event 
A)[10][11]. In this way, managers can better anticipate and 
respond to uncertainties in the supply chain, leading to 
improved operational efficiency and customer satisfaction. 

 

 
Figure 2. Naive Bayesian architecture diagram 

 
Naïve Bayes is, first of all, a classification algorithm that 

helps us solve classification-related problems. Not only does 
it assist in classification, but it particularly excels in analyzing 
textual data. If you are working with text or need to perform 
tasks like spam filtering or sentiment analysis, applying Naïve 
Bayes as a baseline model is highly recommended before 
exploring other algorithms, such as deep learning[12]. Naive 
Bayes is a simplified classification algorithm based on the 
Bayesian algorithm. Naive Bayes assumes that all feature 
attributes are independent of each other when given a target 
value. Although this assumption is often only partially 
accurate in practical applications, it dramatically simplifies 
the computational complexity, making naive Bayes an 
efficient and practical algorithm. The calculation formula of 

naive Bayes is as follows: 
P(C∣X)=P(X)P(C)⋅P(X∣C)           (2) 

P(C∣X) represents the probability of class C given feature 
X; in practice, naive Bayes works by calculating the posterior 
probability of each category and selecting the category with 
the most significant probability as the prediction result. 

In supply chain management practice, naive Bayes 
algorithms can be used for various classification and 
hierarchical computing tasks, such as product classification, 
demand forecasting, customer stratification, etc. In these 
applications, naive Bayes uses historical data and feature 
information to predict and classify future situations[13]. 

1. Product classification: Naive Bayes can effectively 
classify new products into existing categories by analyzing 
product attributes and historical sales data. This helps supply 
chain managers better manage inventory and sales strategies. 
For example, inventory management can be optimized by 
classifying products as high demand, low demand, or seasonal 
based on their sales trends, seasonal factors, and market 
demand. 

2. Demand prediction[14]: The Naive Bayes algorithm can 
predict future product demand based on historical demand 
data and market trends. Although naive Bayes assumes that 
features are independent of each other, in demand forecasting, 
this simplified assumption can significantly reduce 
computational complexity and provide sufficiently accurate 
prediction results in most cases. This is important for making 
production planning and supply chain strategy. 

3. Customer stratification[15]: Naive Bayes can stratify 
customers into different groups according to their purchasing 
behavior and characteristic data in customer relationship 
management. For example, customers can be divided into 
high value, leads, and one-time customers. Through this 
stratification, enterprises can develop differentiated 
marketing strategies for different customer groups to improve 
customer satisfaction and loyalty. 

Naive Bayes has been applied effectively in supply chain 
management for customer segmentation, which aids in 
targeted inventory management strategies. For example, an e-
commerce platform used Naive Bayes to classify customers 
into segments based on their purchasing behavior[16], 
demographics, and historical transaction data. This 
segmentation enabled personalized marketing campaigns and 
optimized inventory stocking based on predicted demand 
patterns for each customer segment. 

Although the independence assumption of the naive Bayes 
algorithm may only partially hold in some complex supply 
chain models, its simplicity and efficiency make it an 
effective tool for solving practical problems. To improve the 
classification effect, it can be combined with other machine 
learning algorithms or feature engineering to capture the 
interrelationships between features better. In conclusion, 
applying Bayesian in supply chain management gives 
enterprises a simple and effective way to conduct data 
analysis and decision support. 

2.1.3. K-Nearest Neighbor 
K-Nearest Neighbors (K-NN) is an instance-based 

machine learning algorithm known as a local approximation 
algorithm. In the case of new product prediction[17], K-NN 
deduces some performance patterns of new products by 
looking at historical data of associated old products. For 
example, when predicting the sales of a new product, the K-
NN algorithm looks for older products with features similar 
to the new product in the historical data. Then, it makes 
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predictions based on the performance of those older products. 
The core idea of the K-NN algorithm is to find the nearest 

K data points (i.e., neighbors) for a data point to be classified 
or predicted and then determine the category or value of the 
data point to be classified or predicted according to the 
category or value of these neighbors. K-NN is the most 
straightforward machine learning algorithm, but its accuracy 
depends on data standardization. Standardized data can 
ensure that the influence of different features on distance 
calculation is balanced, thus improving the algorithm's 
accuracy[18]. 

 
Figure 3. k-Nearest Neighbor framework 

 
In supply chain management, the K-NN algorithm can be 

used in many ways, such as[19]: 
1. Demand forecast: K-NN can predict future demand 

based on historical sales data. By finding the periods 
historically most similar to current market conditions and 
using sales data from those periods to predict future demand, 
supply chain managers can better plan for production and 
inventory. 

2. Customer classification: K-NN can classify customers 
into different groups. By analyzing customers' purchase 
history and behavior characteristics, we can find similar 
customer groups and develop personalized marketing 
strategies according to the characteristics of these groups to 
improve customer satisfaction and loyalty.[20] 

3. Practical Application of Machine 
Learning in Supply Chain 
Management 

Although the ML algorithm of machine learning has 
significantly been developed in the past many years, and we 
also see that more and more technology companies in China 
are constantly investing in the field of machine learning, the 
application of the ML algorithm of machine learning in the 
field of supply chain management is far from enough. On the 
one hand, machine learning needs more direct contact with 
Chinese supply chain management practitioners. More 
importantly, [21]Chinese supply chain managers need help 
understanding ML algorithms to solve supply chain 
management problems. 

Here are some ways that machine learning can help 
companies improve their supply chain demand forecasting 
and, in turn, optimize supply chain management: 

3.1. Supply Chain Demand Forecasting 
3.1.1. Predictive Analytics 

Predictive analytics involves using machine learning 
algorithms to analyze historical data and identify trends and 
patterns that can be used to predict future demand[22]. 

Machine learning algorithms can accurately predict future 
demand patterns by inputting historical sales data and 
considering variables such as seasonality, promotions, and 
pricing changes. The technology can also predict demand for 
new products by analyzing data from similar products before 
they hit the market. 

2. Real-time analysis 
In addition to historical data, machine learning solutions 

can mine real-time data to improve prediction accuracy. Form 
valuable insights into demand from social media, weather and 
traffic data, and information data from news reports. [23] 
Machine learning algorithms can adjust forecasts by 
analyzing this data in real time, enabling businesses to 
respond quickly to changing demand conditions. 

3, improve the prediction accuracy 
One of the main benefits of machine learning for supply 

chain demand forecasting is improved accuracy. Traditional 
forecasting models often rely on statistical methods and 
assumptions that may not always hold. [24] Through 
traditional statistical methods, machine learning can analyze 
large amounts of data to identify patterns and trends that may 
not be obvious. Using machine learning, businesses can 
improve forecasting accuracy, leading to more efficient 
inventory planning, accurate production scheduling, and on-
time delivery. 

4. Reduce inventory costs 
Machine learning can also help businesses optimize 

inventory management by reducing excess inventory and out-
of-stock. By accurately forecasting demand, businesses can 
plan their inventory levels, accordingly, reducing the need for 
excess inventory. This can lead to significant cost savings for 
businesses. By reducing out-of-stock, machine learning can 
help businesses meet customer needs and increase customer 
satisfaction and loyalty. 

5. Better collaboration 
Machine learning can facilitate better collaboration 

between supply chain partners. Suppliers and manufacturers 
can collaborate to optimize their production and inventory 
plans by sharing real-time demand data. [25] This can 
improve the efficiency of supply chain operations, reduce 
costs, and improve customer service levels. 

3.2. Optimization of the Supply Chain 
In supply chain management, forecasting and planning are 

crucial. Traditional forecasting methods often rely on 
historical data and manual experience, making it challenging 
to reflect market dynamics accurately. However, with AI 
technology, enterprises can use machine learning, deep 
learning, and other algorithms to dig deep into historical data 
and combine market trends, consumer behavior, and other 
factors to build more accurate predictive models [26]. 

An electronics manufacturing company, for example, used 
AI technology to automate demand forecasting. Deep 
learning algorithms analyze historical sales data, market 
trends, and other relevant factors to generate accurate demand 
forecasting models. The model can be dynamically adjusted 
based on real-time market information and consumer 
behaviour to capture changes in demand better. According to 
statistics, after implementing the AI forecasting model, the 
company's prediction accuracy has improved by nearly 30% 
while reducing the risk of overproduction and inventory 
overhang. 

AI also plays a vital role in production planning. 
Companies can make production plans based on demand 
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forecasts and other factors and adjust production processes in 
real-time through automated monitoring to avoid 
overproduction or underproduction. [27]AI-based production 
planning improves production efficiency, reduces inventory 
costs, and enhances enterprises' market competitiveness. 

3.3. Sustainable Supply Chain Management 
Sustainable development has become the consensus of 

major economies today, and supply chain management, as one 
of the main components of enterprise operations, is naturally 
strongly influenced by sustainable development. 

In procurement and logistics, enterprises need to consume 
a lot of material and energy resources, which will cause a 
significant burden on the environment[28]. Sustainable 
development means enterprises must use resources under 
sustainability, develop productivity and product design, 
reduce waste, waste treatment, continuous improvement, and 
other aspects of environmental hazards and remediation 
measures to reduce resource waste and environmental 
pollution. 

As more and more countries and institutions pay attention 
to environmental, social, and economic sustainability, many 
regulatory and financial institutions, and even consumers, are 
forcing companies to prove their commitment to it. With the 
continuous improvement of regulatory regulations and 
consumer expectations, enterprises should resolve regulatory 
and financial risks and strive to adjust better and standardize 
supply chain management[29]. 

In summary, with the development of science and 
technology and the increasing prominence of environmental 
problems, supply chain management will gradually become 
intelligent, sustainable, and global. [30]This will bring many 
opportunities and challenges to the enterprise, which is only 
in line with the trend of developing appropriate strategic 
critical measures to be invincible in this era of constant 
change. 

4. Conclusion 
Machine learning technology has the potential to 

revolutionize supply chain demand forecasting and help 
enterprises optimize supply chain management. In today's 
competitive environment, the challenge for businesses is not 
only to provide quality products but, more importantly, to 
provide efficient supply chain services and accurate 
information to ensure maximum customer value, achieve 
sustainable development, and maintain a competitive 
advantage. By leveraging machine learning algorithms, 
businesses can get more accurate demand forecasts. These 
algorithms can process large and complex data sets, 
automatically identifying and extracting patterns and trends 
in the data to help businesses make data-driven decisions. For 
example, K-NN algorithms can help predict the market 
performance of new products. In contrast, K-means clustering 
algorithms can optimize the location of distribution centers 
and the profitability of supply chains. These applications can 
reduce operating costs, increase efficiency, improve customer 
service, and enhance customer satisfaction and loyalty. 

While there are challenges in implementing machine 
learning solutions, such as data quality and availability issues, 
these can be solved with proper planning and deployment. 
Businesses need to ensure that data is standardized and 
cleaned to improve the accuracy of machine learning 
algorithms. At the same time, enterprises also need to build a 
robust data management and analytics infrastructure to 

support the development and application of machine learning 
models. Enterprises that successfully implement supply chain 
machine learning solutions will be ahead of the game in 
today's fast-paced market. These companies are not only able 
to respond quickly to market changes and optimize supply 
chain processes, but they are also able to enhance their 
competitiveness through data-driven decision-making. 
Machine learning technology will become an essential tool 
for enterprises to realize intelligent supply chain management 
and promote the transformation of supply chain management 
from a traditional to a modern and intelligent mode. 

In short, with the continuous development and application 
of machine learning technology, supply chain management 
will usher in new changes. Enterprises must seize this 
opportunity and actively explore and apply machine learning 
technology to optimize and upgrade supply chain 
management to maintain a leading position in the fierce 
market competition and achieve continuous growth and 
development. 
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