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Abstract: This study investigates how supply chain analytics, or SCA, can be used to examine past supply chain performance in the Asia 

Pacific region. The study assesses different supply chain elements, such as client demographics, product categories, payment options, and 

transportation, using historical sales data. The dataset is observed through descriptive analysis with scatter plots, box-plots, skewness 

analysis and bar chart. Regression-based machine learning models, such as linear regression, random forest and boosting were utilised to 

forecast demand (order item total), allowing businesses to analyse their logistical and production processes. The demand was well 

forecasted by Random Forest, and the danger of late delivery was well-predicted by ensemble learning models, according to the results. 

The study comes to the conclusion that, in order for businesses to increase productivity and customer happiness, both descriptive and 

predictive approaches are essential. While predictive analytics enables proactive decision-making and risk avoidance, descriptive analytics 

offers a thorough understanding of supply chain operations.  The study contributes to the supply chain analytics field in the Asia Pacific 

region by setting a theoretical framework that allows organisations to adopt proactive strategies to optimize their performance based on 

different supply chain components. However, the paper has several limitations related to data collection, as it does not involve many 

companies and manufacturers. We need further research to enhance prediction performance and optimize the learning process. 

Keywords: Supply chain analytics, demand forecasting, machine learning, supervised methods. 

1. Introduction 

As an industrial hub, the emerging market of Asia Pacific 

has witnessed a remarkable transformation in its market 

landscape, characterized by rapid economic growth and 

urbanization, resulting in one of the most promoting 

markets, attracting customers from all over the world. Thus, 

the region has seen a substantial increase in the export of 

goods and services, reaching a value of 9.66 trillion US 

dollars in 2022 [1]. This growth has also led to the 

development of a complex supply chain and logistics 

system. However, the dynamic and uncertain international 

business environment has introduced tremendous 

disruptions to the global supply chain. Supply chain 

disruptions arise from a “combination of an unintended and 

unexpected triggering event that occurs somewhere in the 

upstream supply chain (the supply network), the inbound 

logistics network, or the purchasing (sourcing) 

environment, and a consequential situation, which presents 

a serious threat to the normal course of business operations 

of the focal firm” [2]. Nevertheless, the COVID-19 

pandemic highlighted that unexpected and rare events which 

cause supply chain disruptions are not “black swans” [3]. In 

order to address these challenges, supply chain analytics 

(SCA) has emerged as an effective tool for predicting and 

managing disruptions in the supply chain. SCA allows 

organizations to measure and improve their supply chain 

performance by identifying the root causes of disruptions 

and making informed business decisions [4]. 

Analytics, the process of extracting meaningful insights 

from data, has been empowered by the advance of Machine 

Learning (ML) techniques which have demonstrated 

remarkable capabilities in complex decision-making tasks. 

According to Hackett Group [5] survey, 66% of supply 

chain managers believe that analytics capabilities are crucial 

to their business operations. However, recent review articles 

have identified a predominance of descriptive analytics 

rather than predictive analytics [6]. Regarding the 

increasing complexity and uncertainty of supply chains, the 

ability to predict disruptions before they occur is crucial. As 

well as the important role of the planning phase where SCA 

can assist top management in decision-making about supply 

chain operations, which frequently comprises demand 

planning, procurement, production, inventory, and logistics 
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[7]. SCA plays a vital role in lean, agile, resilient, and 

sustainable supply chains by reducing production lead time 

and transportation time, minimizing uncertainties and risks, 

and enhancing integration [8]. Despite the various benefits 

of SCA and the vivid interest among practitioners in 

adopting SCA, the research in this area is limited [9][10].  

This paper aims to investigate the application of data 

analytics in the supply chain using ML models to forecast 

demand. This is by analyzing the flow of goods from the 

Asia Pacific market using descriptive analytics first, and 

then predicting the demand for the Asia Pacific goods from 

customers from the USA and Puerto Rico which raises 

questions about the delivery time regarding the distance 

between these markets and other factors that might generate 

many disruptions. Thus, it is necessary to predict late 

delivery risk as well. By doing so, the study contributes to 

the field of SCA by showcasing the application of predictive 

data analytics within supply chains. It also contributes to the 

field of supply chain risk management by presenting a set of 

methods that hold the potential to predict supply disruptions. 

The remainder of the paper is structured as follows: Section 

2 provides a literature review of related works on supply 

chain and data analytics. Section 3 presents materials and 

method. The results of the study are discussed in Section 4. 

Finally, Section 5 concludes the paper. 

2. Related works 

Big Data Analytics (BDA) pertains to utilizing sophisticated 

analytical techniques such as predictive methods, statistics, 

data mining, and Artificial Intelligence (AI) on extremely 

large and unstructured datasets [11]. BDA encompasses two 

perspectives: the first involves big data (BD), and the 

second involves business analytics (BA). BD refers to high-

volume, high-velocity, and high-variety sets of dynamic 

data that surpass the capabilities of traditional data 

management methods [13]. On the other hand, BA involves 

the study of skills, technologies, and methodologies 

employed to evaluate organization-wide strategies and 

operations continuously to obtain insights and guide the 

business planning of an organization. Such assessments 

span from strategic management and product development 

to customer service, utilizing evidence-based data, 

statistical analysis, operational scrutiny, predictive 

modeling, forecasting, and optimization techniques [14].  

Predictive analytics is a group of methods that uses 

statistical and other empirical techniques to predict future 

events, based on past occurrences. Previous studies 

highlighted the importance of the leverage of ML models to 

gain insights from data and predict future events. The 

reviews conducted by several researchers find that although 

the main data analytics methods currently employed are 

statistics, simulation, optimization, the big promise of big 

data is in machine learning [15][16][17]. Furthermore, 

Zhong et al. [18] emphasized that machine learning should 

be embedded in decision models so they can have 

continuous learning capability. 

The capabilities of BDA can offer support to various supply 

chain (SC) functions, encompassing procurement, 

warehousing, manufacturing, demand management, 

transportation/logistics, and overall SC operations [19]. The 

current literature highlights additional research papers 

focused on manufacturing and transportation/logistics [20]. 

Critical activities in SC manufacturing involve production 

planning and control (PPC), research and development of 

products, maintenance and diagnostics, and quality 

management. The integration of BDA into PPC is attracting 

interest from many researchers, and BDA tools and 

techniques in this area are relatively mature [21].  

SCA has been described in two main ways: as a collection 

of abilities such as management, talent, and technology, and 

as a range of qualitative and quantitative tools, techniques, 

and approaches [22][23][ 24]. Mubarik et al. [4] (2019) 

combined these two perspectives and defined SCA as a 

firm’s capacity to analyze data through the utilization of 

quantitative methods. However, the definition provided by 

the author focuses only on capabilities related to data 

analysis and quantitative methodologies. Moreover, 

research acknowledges various types of SCA, including 

descriptive and diagnostic analytics, predictive analytics, 

and prescriptive analytics [25].  

Recently, several review papers highlighted the use of 

predictive analytics in supply chain research. Tiwari, Wee, 

and Daryanto [16] provided instances of predicting 

customer behavior such as purchasing patterns and 

identifying trends in sales activities. In a similar vein, Zhong 

et al. [18] outlined predictive analytics to encompass aspects 

within supply chains like marketing and finance. This 

includes activities such as social media tracking, and 

tracking of exchange rates for trade. Cohen [26] and Sharma 

and Garg [27] proposed that connecting the internal 

production system with external partners, including both 

suppliers and consumers, is essential to leverage the 

potential of big data analytics in managing inventory and 

implementing automated inventory control strategies. 

Similarly, Wang et al.  [15] used analytics to optimize 

inventory ordering decisions while Katchasuwanmanee et 

al.  [28] deployed a combination of internal data 

supplemented by external, unstructured data to enhance the 

efficiency of production processes. On the other hand, 

Zhong et al.  [21] employed big data from radio frequency 

identification (RFID) to facilitate logistical planning and 

scheduling on the shop floor, and then create an industrial 

IoT (Internet of Things) proof of concept system through the 

utilization of RFID tags.  

Despite its power in predictive analytics, there is limited 

existing research that explores the use of machine learning 

within supply chains. The reason behind its omission from 
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the extensive literature on big data supply chain studies 

might stem from the scarcity of research focusing on 

machine learning-based techniques in this domain. Based on 

research conducted by IBM, the predominant discovery 

indicated that most organizations were in the very early 

stages of predictive analytics. The majority of those 

applying this approach were concentrating on sales and 

customer behavior forecasting, rather than supply chain 

operations  [29] . Brintrup et al. [30] applied machine 

learning classification models such as Random Forest (RF), 

Support Vector Machine 3 (SVM), Logistic Regression, and 

K-Nearest Neighbour (KNN) to predict first-tier supply 

chain disruptions. Indeed, several authors have emphasized 

the potential of utilizing big data to predict supply chain 

disruptions.  

According to Wang et al. [15], the use of supply chain 

analytics could extend to procurement to manage supply 

risks and suppliers’ performance. This approach enables 

global supply chains to adopt a proactive stance rather than 

a reactive one in response to supply chain risks. He et al. 

[31] proposed a theoretical framework including natural 

language processing to extract potential risks from sources 

like news outlets, followed by risk classification and a 

simulation engine that predicts the potential impact of the 

risks on a company’s KPIs. Furthermore, Fan et al. [32] 

introduced a structure that integrates big data analytics into 

supply chain risk management by incorporating both 

internal and external big data sources. Additionally, Dani 

[33] proposed a proactive strategy for managing risks within 

the supply chain, which involves the use of data mining 

techniques to uncover potential risk sources. Lastly, 

Brintrup et al. [22] suggested a method centered around 

graph mining to estimate how disruptions such as 

earthquakes may cascade in global supply networks.  

In this paper, empirical analysis is used to demonstrate how 

data analytics, more specifically machine learning, can be 

used to forecast one of the key indicators that can improve 

supply chain performance, which is demand, and to predict 

supply chain disruptions such as late delivery risk. The 

analysis specifically focuses on the flow of goods from the 

Asia Pacific region to customers in the USA and Puerto 

Rico. 

3. Methodology 

The main research objectives are to observe the application 

of data analytics in the supply chain, to assess the impact of 

descriptive and predictive analytics on supply chain 

decision-making, to explore the effectiveness of predictive 

models in demand forecasting and finally to examine the 

influence of feature selection and model accuracy on 

predictive analytics outcomes. The study’s key concepts and 

variables revolve around the adoption of predictive 

analytics, especially ML models, by organizations in their 

supply chain processes, the quality of the data used to do 

predictive analytics, the type of ML models used to do 

prediction, such as Linear Regression, Logistic Regression, 

SVM, Random Forest and etc, the accuracy of models in 

demand forecasting, as shown in Figure 1. 

 

Fig. 1. The Proposed Models in Supply Chain Analytics  

3.1. Data Collection & Preparation 

The data used in this study was collected online in Mendeley 

Data [34]  and also published in Kaggle, which is a widely 

recognized online platform that hosts data science 

competitions, provides datasets for analysis, and fosters a 

community of data enthusiasts, scientists, and machine 

learning practitioners. The dataset provides historical data 

on the flow of goods purchased from all over the world to 

customers in the USA and Puerto Rico. The dataset presents 

features such as order ID, product name, product category, 

product price, customer details, demanded quantity, sales 

and etc. The focus of this study was on the Asia Pacific 

market. Consequently, the data of this market was extracted 

from the dataset, and the variables (features set) that 

significantly contribute to the prediction were examined. 

The observation about the dataset, will be discussed as 

descriptive analysis. 

3.2. Modelling 

In this research, supervised machine learning models for 

regression will be utilized to forecast the demand. The main 

regression models we are going to use in this study are 

Linear Regression (LR), Random Forest (RF), Gradient 

Boosting Regressor (GBR), Light Gradient Boosting 

Machine Regressor (LGBMR), Extreme Gradient Boosting 

Regressor (XGBR), Hist Gradient Boosting Regressor 

(HGBR), Categorical Boosting Regressor (CBR). 

3.2.1. Linear Regression (LR) 

The goal of linear regression is to find the values of β1, β2, 

....., βp that minimize the sum of squared differences 

between the observed y values and the predicted values ŷ 

based on the linear equation, as in (1): 

 

𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑝𝑥𝑝 +

𝜀                                         (1) 

Where:  

y is the target variable; 
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𝑥1, 𝑥2, ....., xp are the independent variables; 

β1, β2, ....., βp are the coefficients of the independent 

variables; 

ϵ represents the error term, accounting for the variability that 

is not explained by the model. 

3.2.2. Random Forest (RF) 

The RF Regressor is a robust ML algorithm that is part of 

the ensemble learning family. It is employed for both 

classification and regression tasks. Ensemble learning 

involves combining multiple independent models to 

generate a more robust and accurate predictive model. In the 

case of the RF Regressor, it combines various decision trees 

to create a regression model that is more stable and accurate. 

RF starts by creating S subsets Ni (bootstrapped samples), 

where each subset contains n samples drawn randomly with 

replacement from the original dataset (if the bootstrap 

argument is valid), as shown in (2). 

𝑁𝑖 =  (𝑥1, 𝑦1), (𝑥2, 𝑦2), … … , (𝑥𝑛 , 𝑦𝑛)                             (2) 

For each decision tree, a random subset of features is 

selected for splitting at each node. This introduces diversity 

among the trees, preventing overfitting and capturing 

different aspects of the data. Decision trees are constructed 

using recursive binary splitting, as shown in Figure 3. At 

each node, the algorithm selects the best feature and split 

point based on criteria like mean squared error. The tree is 

grown until a stopping criterion is met, such as maximum 

depth or minimum samples per leaf. 

 

Fig.2. Decision Tree 

Once all decision trees are built, the ensemble model is 

formed. Predictions from individual trees are combined to 

make the final prediction. The predictions from all trees are 

averaged to produce the ensemble prediction, as shown in 

(3). 

𝑦𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒(x)

=
1

S
∑ ŷ𝑖(𝑥)                                                               

𝑆

𝑖=1

(3) 

 

3.2.3. Gradient Boosting Regressor (GBR) 

The Gradient Boosting Regressor (GBR) is an ML 

algorithm that creates an ensemble of weak learners, 

typically decision trees, in a sequential manner, with each 

learner attempting to correct the errors of the previous ones. 

The first step is to initialize the prediction F0 (x) using the 

mean of the target variable, as in (4): 

𝐹0(x) = mean(y)                                                                        (4) 

Next, the model calculates the residuals of the loss function, 

in each iteration k, regarding the current model’s prediction 

for each data point, as in (5): 

𝑟𝑖𝑘  

= − 
∂L(𝑦𝑖 , 𝐹𝑘−1(𝑥𝑖))

∂𝐹𝑘−1(𝑥𝑖)
                                                                 (5) 

After this, the model fits a decision tree 𝑑𝑡𝑘 to the residuals 

𝑟𝑖𝑘, as in (6): 

𝑑𝑡𝑘(x)  =  DecisionTree(X, 𝑟𝑚)                                                  (6) 

The learning rate η controls the impact of each decision 

tree’s prediction. Finally, the model makes a final prediction 

by summing the prediction of all iterations, as in (7): 

𝐹𝑛(x) =  𝐹0(𝑥) + ∑ η𝑛
𝑘=1  ·   𝑑𝑡𝑘(x)                                            (7) 

 

3.2.4. Light Gradient Boosting Machine Regressor 

(LGBMR) 

The Light Gradient Boosting Machine Regressor (LGBMR) 

is a machine learning algorithm that falls under the gradient 

boosting framework. It is built to effectively handle vast 

datasets and provides elevated functionality with 

considerably less memory usage in contrast to conventional 

gradient boosting algorithms. LGBMR uses a specific data 

structure called “Histogram-based Learning” which groups 

feature values into discrete bins. This allows for faster 

computation and memory efficiency. It follows the same 

algorithm as the GBR model. The LGBMR’s key strengths 

include its ability to handle large datasets efficiently, its 

speed, and its capacity to capture complex patterns. 

3.2.5. Extreme Gradient Boosting Regressor (XGBR) 

The XGBoost (Extreme Gradient Boosting) Regressor is a 

highly influential and widely used ML algorithm within the 

gradient boosting framework. It is engineered to deliver 

exceptional predictive accuracy, handle diverse data types 

efficiently, and prevent overfitting. XGBR follows the GBR 

framework, which involves building an ensemble of weak 

learners (usually decision trees) to create a strong predictive 

model. The strength of XGBR lies in its ability to handle 

complex relationships in the data, prevent overfitting, and 

provide interpretable feature importance scores. 

3.2.6. Hist Gradient Boosting Regressor (HGBR) 

Histogram-Based Gradient Boosting Regressor (HGBR) is 

a variant of the gradient boosting algorithm that leverages 

https://en.wiktionary.org/wiki/%C5%B7#Welsh
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histogram-based techniques to improve both the efficiency 

and effectiveness of training decision trees in boosting. It is 

particularly suitable for large datasets and provides fast 

training times while maintaining high predictive accuracy. 

Like the LGBMR, the HGBR is a robust choice for large 

datasets where memory efficiency and faster training are 

crucial. It combines the strengths of gradient boosting with 

the benefits of histogram-based techniques, providing 

accurate predictions while minimizing computational costs. 

3.2.7. Categorical Boosting Regressor (CBR) 

The CatBoost Regressor (CBR) is a gradient boosting-

algorithm tailored to handle categorical features effectively 

and accurately while providing high predictive accuracy. It 

is known for its automatic handling of categorical data, 

strong performance, and robustness against overfitting. 

CatBoost introduces a unique approach to handle 

categorical features. Unlike other gradient boosting 

algorithms, CatBoost natively handles categorical data 

without the need for pre-processing like one-hot encoding. 

It employs an ordered boosting strategy that deals with 

categorical variables more effectively. CatBoost’s 

automatic handling of categorical features and its robustness 

against overfitting make it a valuable tool for a wide range 

of ML tasks. It is also known for its strong performance and 

ability to produce accurate predictions with minimal 

hyperparameter tuning. 

3.3. Evaluation metrics 

The following metrics will be used to evaluate the 

performance of the models predicting our target variable. 

3.3.1 Root Mean Squared Error (RMSE) 

Root Mean Squared Error (RMSE) is a widely used metric 

for evaluating the accuracy of regression models by 

measuring the average magnitude of the errors between 

predicted and actual values. It provides a measure of how 

well the model’s predictions match the actual observed 

values. The equation of the RMSE metric is referred to (8): 

RMSE =

 √
1

N
∑ (ŷ𝑖 − 𝑦𝑖 )

2𝑁
𝑖=1                                                              (8) 

 

Where: 

N is the number of observations; 

ŷ𝑖 is the predicted value for observation i; 

y is the actual value of the observation i. 

Lower RMSE values indicate better model performance, as 

they indicate that the model’s predictions are closer to the 

actual values. 

3.3.1. 𝑹𝟐  

The 𝑅2 metric is employed to evaluate how well a regression 

model fits the data. It quantifies the portion of the variance 

in the dependent variable that can be attributed to the 

independent variables in the model. 𝑅2 serves as an 

indicator of how accurately the model’s predictions align 

with the actual data. 

 

𝑅2  =  1 −
RSS

𝑇𝑆𝑆
                                                                           (10) 

The 𝑅2 value ranges from 0 to 1. A higher 𝑅2 value indicates 

that a larger proportion of the variance in the dependent 

variable is explained by the independent variables in the 

model. 𝑅2 values closer to 1 indicate a better fit of the model 

to the data. However, 𝑅2 should be interpreted in 

conjunction with other evaluation metrics such as RMSE, as 

it can be influenced by the number of variables and the 

complexity of the model. 

4. Results and Discussion 

4.1. Exploratory Data Analysis 

The data used in this research contains 53 variables and 

41260 rows. 44.7% of the data is categorical, and 27.7% is 

respectively integer and float. The dataset contains many 

duplicated columns, such as order item product price and 

product price that should be removed. As well as some 

empty columns such as the order Zipcode and Product 

description. The correlation analysis shows that some 

variables are highly correlated with a correlation rate that 

can reach up to 99%. As shown in Figure 3, the variables 

can be considered redundant attributes and using one of the 

variables can be removed for modelling. 

 
a. Category ID (x) vs Product Category ID (y) 

 
b. Sales per customer (x) vs Order item total (y) 

Fig. 3. Sample of scatter plot graphs (a) and (b) for 

redundant variables analysis 

https://en.wiktionary.org/wiki/%C5%B7#Welsh
https://en.wiktionary.org/wiki/%C5%B7#Welsh
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The dataset contains a few missing values, 5 missing values 

in the customer’s last name column and 1 record in the 

customer zip code column out of 41260. So, we can drop 

them without any processing, this will not affect the results 

of the predictions. However, the dataset contains plenty of 

outliers, that should be handled, in many variables such as 

longitude, latitude, order item discount, order item profit 

ratio, sales, order item total, order profit per order, product 

price, department ID, and order ID. Figure 4 shows the 

sample of for variable longitude and order item discount for 

the box-plot graphs. 

 

 

 

 

 

 

Fig. 4. Sample of box-plot graphs for two variables 

The visualization of the distribution of demanded quantity 

in the function of variables such as customer segment, order 

status, and shipping mode shows that it is skewed to the left, 

as shown in Figure 5. Using the longitude and latitude 

information provided in the dataset, and the geopandas 

library in Python, we visualized the location of customers. 

The map, in Figure 6 shows that most customers are located 

in the USA and some of them are in Puerto Rico. The map 

shows some customers located in different other countries 

and that is due to outliers. 

 

 

 

Fig. 5. Skewness analysis 

 

Fig. 6. Location of the Customers 

Insights from historical data on the shipment of goods from 

the Asia Pacific region to Western countries are necessary 

to assess the performance of the supply chain in the region. 

In one point of view, the data is plotted to product category 

name to the total sales, total quantity, total amount per order 

and earnings per order placed, as shown in Figure 7. It helps 

the company to understand about the products and 

companies could have a better vision of the product 

categories, which categories are most demanded, and what 

should be improved to increase the sales of other categories. 

 

 

Fig. 7. Bar charts based on product category name 
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4.2. Predictive Analytics for Demand Forecasting 

Predictive analytics are one of the most powerful tools to 

analyze and improve the organization’s supply chain. In this 

study, ML regression was used to forecast demand, which 

includes models from Linear Regression, Random Forest, 

Gradient Boosting Regressor, LGBM, XGBoost, Hist 

Gradient Boosting, and CatBoost. Then, R2 and RMSE 

metrics were being compared. The selected list of attributes 

is shown in Table 1. 

Table 1. List of input variables and output variable (Y) 

Variable Description 

Type Type of transaction made 

Days for shipping 

(real)   

Actual shipping days of 

the purchased product 

Days for shipment 

(scheduled) 

Days of scheduled 

delivery of the purchased 

product 

Order Profit Per 

Order 
Earnings per order placed 

Sales per customer 
Total sales per customer 

made per customer 

Delivery Status 

Delivery status of orders: 

Advance shipping, Late 

delivery, Shipping 

canceled, Shipping on 

time 

Late_delivery_risk            

Categorical variable that 

indicates if sending is late 

(1), it is not late (0). 

Category Name 
Description of the 

product category 

Customer Country 

Country where the 

customer made the 

purchase 

Customer Segment 

Types of Customers: 

Consumer, Corporate, 

Home Office 

Customer State 

State to which the store 

where the purchase is 

registered belongs 

Department Name Department name of store 

Order City 
Destination city of the 

order 

Order Country 
Destination country of 

the order 

Order Item 

Discount Rate      

Order item discount 

percentage 

Order Item Product 

Price      

Price of products without 

discount 

Order Item Profit 

Ratio 
Order Item Profit Ratio 

Order Item 

Quantity 

Number of products per 

order 

Sales Value in sales 

Order Item Total  

(Y) 
Total amount per order 

Order State 
State of the region where 

the order is delivered 

Order Status 

Order Status: 

COMPLETE, PENDING, 

CLOSED, 

PENDING_PAYMENT, 

CANCELED, 

PROCESSING, 

SUSPECTED_FRAUD, 

ON_HOLD, 

PAYMENT_REVIEW 

Product Price Product Price 

Product Status 

Status of the product 

stock: If it is 1 not 

available, 0 the product is 

available  

Shipping Mode 

The following shipping 

modes are presented: 

Standard Class, First 

Class, Second Class, 

Same Day 

    

 

The prediction results performance is shown in Table 2.  

Table 2. Values of performance measurement 

Model R2 

Training 

Score 

R2 

Testing 

Score 

RSME 

Training 

Score 

RSME 

Testing 

Score 

Linear 

Regression 

0.25 0.27 1.23 1.23 

Random 

Forest 

0.96 0.78 0.27 0.68 

LGBM 0.78 0.76 0.66 0.70 

XGBoost 0.84 0.78 0.56 0.67 

Hist 

Gradient 

Boosting 

0.78 0.76 0.67 0.71 

Gradient 

Boosting 

Regressor 

0.69 0.69 0.79 0.80 

CatBoost 0.80 0.77 0.63 0.68 

     

It is noticed that Random Forest has the highest R2 scores 

on both the train and test sets, and it also has the lowest 

RMSE scores on both sets. Nevertheless, the prediction 

using Linear Regression is not relevant as the R2 scores are 

low and RMSE is high, and this may be due to the noisy and 

skewed data. If these models were compared, it can be 

concluded that Random Forest is the most performant model 

in forecasting demand. However, these results were 

obtained before tuning, and it is uncertain whether the best 

parameters were selected for each model. Thus, model 

hyperparameters need to be tuned using the tuning models 

cited in the methods section, and the results will be 
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compared, as shown in Table 3. 

Table 3. Values of measurement after tuned. 

Model R2 

Training 

Score 

R2 

Testing 

Score 

RSME 

Training 

Score 

RSME 

Testing 

Score 

Linear 

Regression 

0.25 0.27 1.23 1.23 

Random 

Forest 

0.96 0.78 0.27 0.68 

LGBM 0.88 0.79 0.50 0.66 

XGBoost 0.93 0.80 0.36 0.64 

Hist 

Gradient 

Boosting 

0.83 0.78 0.58 0.67 

Gradient 

Boosting 

Regressor 

0.87 0.79 0.51 0.66 

CatBoost 0.86 0.80 0.52 0.65 

     

 

After tuning, it can be noticed that the scores of LGBM, 

XGBoostR, HistGradientBoosting, and CatBoost improved. 

Random Forest still has the highest R2 score and lowest 

RMSE on the train set, but the XGBoost and CatBoost have 

the highest R2 score and the lowest RMSE on the test set. 

The model hyperparameters have a remarkable effect on the 

performance and prediction accuracy. Hyperparameters 

should be selected carefully and tuned, so they can enable 

the model to give accurate predictions. The RMSE scores 

remain high, and other tools should be considered to 

improve the performance of the models. However, overall, 

Random Forest is deemed a powerful model for forecasting 

demand in our case. The features importance diagram of the 

most accurate model gives insight into the factors that 

companies should consider improving their sales and satisfy 

the demand. Figure 8 shows five important features that is 

related to the prediction of demand. In our case, the profit is 

one of the deterministic factors of the demand trend, and this 

may be due to the price of the items as the profit has a direct 

effect on the price. The less expensive the items are, the 

higher the demand. 

 

Fig. 8. Feature importance of Random Forest Regressor 

 

5. Conclusion 

The Asia Pacific market is a dynamic market with 

significant economic potential, driven by factors such as 

robust economic development, technological 

advancements, changing demographics, and increasing 

urbanization. This has profound implications for supply 

chain management, as the region becomes a hub for 

economic activity and trade. Supply chains in the Asia 

Pacific market are becoming more complex and 

interconnected, requiring businesses to adopt advanced 

strategies and tools to enhance their performance. The 

adoption of supply chain analytics becomes imperative, 

leveraging data-driven insights and predictive models to 

optimize procurement, inventory management, demand 

forecasting, and logistics. This study analyzed the 

performance of the Asia Pacific market supply chain using 

descriptive analytics and metrics such as demand, sales, and 

earnings. Predictive analytics techniques using machine 

learning (ML) were employed to forecast demand for Asia 

Pacific market products from Western customers. The study 

contributes to the supply chain analytics field in the Asia 

Pacific region by setting a theoretical framework that allows 

organizations to adopt proactive strategies to optimize their 

performance based on different supply chain components. 

However, the paper has several limitations related to data 

collection, as it does not involve companies and 

manufacturers, and the use of predictive analytics 

techniques is sensitive to unstructured and skewed data. 

Further research is needed to improve prediction 

performance and optimize the learning process. 
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