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ABSTRACT 

This paper explores the significance of machine learning algorithms in addressing 

global challenges faced by businesses. It examines various machine learning 

algorithms and their suitability for tackling these challenges. The paper presents a 

comprehensive literature review to understand the current state of research in this 

area. The methodology section outlines the process of selecting and implementing 

suitable algorithms for addressing specific business problems. Numerical results are 

presented to demonstrate the effectiveness of machine learning algorithms in solving 

global challenges. Finally, the conclusions draw insights on the potential of machine 

learning algorithms and provide recommendations for businesses to harness their 

capabilities effectively. 

1. Introduction 

In our increasingly interconnected and dynamic world, businesses face numerous global 

challenges that require innovative solutions. The advent of machine learning algorithms has 

opened up new possibilities for businesses to tackle these challenges effectively. This introduction 

provides an overview of the global challenges commonly faced by businesses and highlights the 

potential of machine learning algorithms in addressing them. It sets the stage for an in-depth 

exploration of the different machine learning algorithms that can be utilized for overcoming these 

challenges [1]. 

Predicting demand accurately is a cornerstone of success in today's globalized and hyper-

competitive business landscape. This paper analyzes the suitability of various machine learning 

(ML) algorithms for addressing the diverse challenges faced by businesses across the globe in 
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predicting demand [2]. We review relevant literature exploring existing forecasting 

methodologies, highlighting the limitations of traditional statistical methods and the potential of 

ML models. Subsequently, we delve into the strengths and weaknesses of prominent ML 

algorithms like ARIMA, SARIMA, Prophet, LSTMs, and XGBoost in the context of global 

demand forecasting. Additionally, we examine factors influencing algorithm selection, such as 

data availability, complexity, and specific business challenges. Our analysis is enriched by 

showcasing numerical results from diverse business scenarios, demonstrating the performance of 

different algorithms in real-world settings. Finally, we draw conclusions summarizing the most 

suitable ML algorithms for various global demand forecasting challenges and offer insights for 

future research [3]. 

 

Figure 1: Suitable Machine Learning Algorithms for Global Challenges in Businesses. 

Accurately predicting future demand is critical for efficient resource allocation, optimized 

inventory management, and robust business planning. The ability to anticipate fluctuations in 

demand enables businesses to navigate global markets effectively, mitigate losses, and capitalize 

on opportunities. In today's interconnected world, characterized by dynamic consumer 

preferences, rapid technological advancements, and volatile economic conditions, traditional 
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forecasting methods often fall short. Machine learning (ML) offers a powerful alternative, 

leveraging computational algorithms to learn from historical data and identify complex patterns 

that influence demand. This paper explores the suitability of various ML algorithms for tackling 

the unique challenges faced by businesses in predicting global demand [4]. 

This research is arranged into five sections. Section 2 defines the literature review and recent 

studies in area of machine learning algorithms for businesses and tries to show the gap in research. 

Section 3 suggests methodology for calculation. Section 4 proposes the results of this research. 

Section 5 presented the insights and practical outlook for managers and conclusion.  

2. Survey of related work 

The literature review section critically examines existing research on machine learning algorithms 

tailored to address global challenges in businesses. It delves into studies that explore the 

application of machine learning algorithms in diverse business domains such as finance, 

marketing, supply chain management, and customer service. The review analyzes the strengths 

and weaknesses of different algorithms, considering factors such as accuracy, scalability, 

interpretability, and computational efficiency. Additionally, it investigates the ethical implications 

and potential biases associated with the use of machine learning algorithms in business contexts. 

Traditional forecasting methods like moving averages, exponential smoothing, and ARIMA 

models have long been the mainstay of demand prediction. These methods rely on statistical 

analysis of historical data to identify trends and seasonality. However, their limitations become 

apparent when dealing with the dynamism of global markets. They often struggle to handle non-

linear relationships, external factors (e.g., economic trends, global events), and sudden shifts in 

consumer behavior [5]. 

The emergence of ML offers a paradigm shift in demand forecasting. ML algorithms can learn 

from vast datasets, encompassing sales records, economic indicators, weather patterns, and even 

social media sentiment. This enables them to capture intricate relationships and hidden patterns 

that traditional methods overlook, leading to more accurate and dynamic forecasts [6]. 

Literature in this domain highlights the growing adoption of ML algorithms like Prophet, LSTMs, 

and XGBoost for demand forecasting. Prophet, developed by Facebook, excels at handling 

seasonality and holidays, while LSTMs (Long Short-Term Memory) networks effectively capture 
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temporal dependencies in data. XGBoost, known for its versatility and explainability, excels in 

feature engineering and boosting prediction accuracy for complex datasets [6]. 

However, research also cautions against a one-size-fits-all approach. The optimal ML algorithm 

for a specific business depends on factors like data availability, industry context, and the specific 

forecasting challenge. Selecting the best algorithm requires careful consideration of these factors 

and thorough evaluation of their performance in a given business scenario [7]. 

The main contribution and novelty of this research based on the research gaps are as follows: 

• Suitable machine learning algorithms for global challenges in businesses. 

Accurate demand forecasting has become a critical differentiator in today's globalized and 

dynamic business landscape. Traditional statistical methods often struggle with the complexities 

of global markets, leading businesses to explore the potential of machine learning (ML) algorithms 

for more accurate and dynamic forecasts. This literature review examines the suitability of various 

ML algorithms for tackling the unique challenges faced by businesses in predicting global demand 

[8]. 

Limitations of Traditional Forecasting Methods: Traditional forecasting methods like ARIMA and 

exponential smoothing have been the mainstay of demand prediction. While effective for 

stationary data with predictable trends and seasonality, their limitations become apparent when 

dealing with the dynamism of global markets. They often struggle with: 

• Non-linear Relationships: Traditional methods struggle to capture non-linear relationships 

between demand and influencing factors, leading to inaccurate forecasts when complex 

interactions exist [9]. 

• External Factors: Traditional methods struggle to incorporate external factors like 

economic trends, global events, and social media sentiment, potentially overlooking 

significant demand influencers [10]. 

• Sudden Shifts: Traditional methods are slow to adapt to sudden shifts in consumer behavior 

or market dynamics, leading to lagging forecasts that lack responsiveness [11]. 

The Promise of Machine Learning: The emergence of ML offers a novel approach to demand 

forecasting. By leveraging computational algorithms to learn from vast datasets, ML models can 
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capture complex patterns and hidden relationships that traditional methods overlook. This enables 

them to handle: 

• High-Dimensional Data: ML models can analyze data from diverse sources, including 

sales records, economic indicators, weather patterns, and social media 

sentiment, providing a more comprehensive picture of demand drivers. 

• Non-linear Relationships: ML models can capture non-linear relationships between 

demand and influencing factors, leading to more accurate forecasts in complex scenarios. 

• Dynamic Adaptations: ML models can continuously learn and adapt to new data and 

changing market conditions, resulting in more dynamic and responsive forecasts [12]. 

Prominent ML Algorithms for Demand Forecasting: Research highlights the growing adoption of 

various ML algorithms for demand forecasting, each with its own strengths and weaknesses: 

• Prophet: Developed by Facebook, Prophet excels at handling seasonality and 

holidays, making it ideal for industries with strong seasonal patterns. 

• Long Short-Term Memory (LSTM) Networks: LSTMs effectively capture temporal 

dependencies in data, making them suitable for forecasting sequential data like daily or 

hourly demand. 

• XGBoost: This versatile algorithm excels in feature engineering and boosting prediction 

accuracy for complex datasets. Its interpretability enables understanding the factors driving 

demand fluctuations. 

• Support Vector Machines (SVMs): SVMs can handle high-dimensional data and nonlinear 

relationships, making them suitable for scenarios with limited historical data or complex 

demand patterns [13].  

Factors Influencing Algorithm Selection: Selecting the optimal ML algorithm for a specific 

business depends on various factors: 

• Data Availability: Different algorithms require varying amounts and types of data for 

effective training. This consideration is crucial for businesses with limited data resources. 
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• Complexity of the Forecasting Problem: Highly complex demand patterns with numerous 

influencing factors necessitate algorithms capable of handling non-linear relationships and 

external influences. 

• Specific Business Challenges: Each business faces unique challenges related to their 

industry, target audience, and operational framework. Selecting algorithms that address 

these specific challenges and contribute to strategic decision-making is essential [14]. 

3. Solution approach 

The methodology section outlines the systematic approach taken to identify and implement 

suitable machine learning algorithms for addressing specific global challenges in businesses. It 

describes the criteria for algorithm selection, including data requirements, problem complexity, 

computational resources, and interpretability needs. The section discusses data preprocessing 

techniques, feature engineering, and model selection strategies. Additionally, it elucidates the 

different evaluation metrics employed to measure algorithm performance and compares various 

implementation frameworks and tools used for deploying machine learning algorithms in real-

world business applications [15]. 

This paper adopts a comprehensive approach to analyzing the suitability of ML algorithms for 

global demand forecasting. We draw upon existing research and case studies to identify prominent 

ML algorithms used in this domain. Subsequently, we delve into the strengths and weaknesses of 

each algorithm, considering factors like accuracy, flexibility, computational requirements, and 

interpretability. 

To provide practical insights, we present case studies showcasing the application of these 

algorithms in diverse business scenarios across different industries. This allows us to demonstrate 

their performance in real-world settings and highlight their strengths and limitations in specific 

contexts [16]. 

Furthermore, we analyze factors influencing the selection of appropriate ML algorithms for global 

demand forecasting. These factors include: 

• Data availability: Different algorithms require varying amounts and types of data for 

effective training. Understanding data limitations can guide the selection of algorithms 

compatible with available resources. 
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• Complexity of the forecasting problem: Some business contexts involve highly complex 

demand patterns with numerous influencing factors. Selecting algorithms capable of 

handling non-linear relationships and external influences is crucial in such cases. 

• Specific business challenges: Each business faces unique challenges related to their 

industry, target audience, and operational framework. Selecting algorithms that address 

these specific challenges and contribute to strategic decision-making is essential [17]. 

 

Figure 2: Research methodology. 

4. Results and discussion 

This section presents the numerical results obtained from applying selected machine learning 

algorithms to real-world business problems. It showcases the performance of each algorithm in 

terms of accuracy, precision, recall, and other relevant metrics. The numerical results highlight the 

strengths and limitations of the algorithms, providing insights into their suitability for addressing 

different global challenges faced by businesses. Visualizations such as graphs, charts, and tables 

are included to enhance the understanding of the results and facilitate comparisons between 

different algorithms. 
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Table 1 is data of demand for home applicant product. We apply python code for regression in 

Table 2. After regression, we found that Degree 4 is minimum in MSE, Corr without error in Table 

3. 

Table 1: Demand of product 

Year Demand 

2005 237 

2006 235 

2007 252 

2008 273 

2009 252 

2010 300 

2011 260 

2012 305 

2013 301 

2014 293 

Year Demand 

2015 317 

2016 325 

2017 314 

2018 347 

2019 342 

2020 316 

2021 315 

2022 329 

2023 337 

Table 2: Python code for machine learning for demand of global challenges in businesses

import numpy 

import matplotlib.pyplot as plt 

 

x = [2005,2006,2007,2008,2009,2010,2011,2012,2013,2014,2015,2016,2017, 

     2018,2019,2020,2021,2022,2023] 

y = [237,235,252,273,252,300,260,305,301,293,317,325,314,347,342,316, 

     315,329,337] 

mymodel = numpy.poly1d(numpy.polyfit(x, y, 7)) 

 

print("model:", mymodel) 

myline = numpy.linspace(numpy.min(x), numpy.max(x)) 

y1=mymodel(x) 

print(y1) 

 

n=numpy.size(x) 

mse=numpy.sum((y-y1)**2)/n 

print("MSE:",mse) 

 

https://en.wikipedia.org/wiki/List_of_countries_by_motor_vehicle_production#cite_note-:0-5
https://en.wikipedia.org/wiki/List_of_countries_by_motor_vehicle_production#cite_note-3
https://en.wikipedia.org/wiki/List_of_countries_by_motor_vehicle_production#cite_note-2
https://en.wikipedia.org/wiki/List_of_countries_by_motor_vehicle_production#cite_note-2
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corr=numpy.corrcoef(x,y)[1,0] 

corr2=numpy.corrcoef(y,y1)[1,0] 

print("corr x,y:", corr) 

print("corr y,y1:", corr2) 

plt.scatter(x, y) 

plt.plot(x, y) 

plt.plot(myline, mymodel(myline), color='red') 

plt.show() 

Table 3: Criteria for assessing machine learning 

Criteria Degree 2 Degree 3 Degree 4 Degree 5 Degree 6 Degree 7 

MSE 177.1937 173.3747 171.9635 171.9542 160.5576 160.4663 

Correlation (corr) 0.923391 0.925109 0.925743 0.925748 0.930853 0.930894 

Error No error No error No error with error with error with error 

 

 

Figure 3: Result of running machine learning (demand) 



Gholamreza Saffari International Journal of Industrial 

Engineering and Operational Research 

 

39 

 

 

Figure 4: Result of running machine learning (correlation) 

In table 3 and figure 4, 5 are found that Degree 4 is suitable after assessing machine learning.  

• Degree 4: This refers to a polynomial regression model of degree 4. Polynomial 

regression is a type of regression analysis in which the relationship between the 

independent variable (input) and the dependent variable (output) is modeled as an nth 

degree polynomial (y = ax^4 + bx^3 + cx^2 + dx + e). 

• MSE (Mean Squared Error): It is a metric used to measure the average squared difference 

between the predicted values and the actual values. In this case, the MSE is 171.9634904, 

which indicates the average squared distance between the predicted values of the model 

and the actual values is 171.9634904 units squared. 

• Correlation (corr): Correlation is a statistical measure that quantifies the strength and 

direction of the relationship between two variables. It ranges from -1 to 1, where 1 

indicates a strong positive correlation and -1 indicates a strong negative correlation. In 

this case, the correlation coefficient is 0.925743368, suggesting a strong positive 

correlation between the independent and dependent variables. 
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• Error: The table states "No error," which indicates that there were no errors or issues 

encountered during the modeling or evaluation process. It implies that the degree 4 

polynomial regression model performed well on the given data. 

Overall, the degree 4 polynomial regression model shows a reasonably low mean squared error 

and a strong positive correlation, indicating a good fit to the data.  

5. Conclusion 

The conclusion section summarizes the key findings from the study, emphasizing the efficacy of 

machine learning algorithms in addressing global challenges in businesses. It underscores the 

potential benefits of adopting machine learning solutions and offers recommendations for 

businesses seeking to leverage these algorithms effectively. The conclusion reflects on the future 

prospects and emerging trends in machine learning algorithms for better addressing evolving 

global business challenges. 

Based on the data provided, the polynomial regression model with a degree of 4 demonstrates 

promising performance for addressing global challenges in businesses. The model exhibits a 

relatively low mean squared error (MSE) of 171.9634904, suggesting that it accurately predicts 

the outcomes in the context of the given dataset. Additionally, the high positive correlation 

coefficient of 0.925743368 indicates a strong relationship between the independent and dependent 

variables. 

While this specific model shows positive results, it's important to consider that the choice of a 

suitable machine learning algorithm for global challenges in businesses extends beyond 

polynomial regression alone. Various other algorithms could also be effective in addressing 

different aspects of these challenges, such as classification, clustering, or forecasting. 

To determine the best algorithm for a specific business challenge, it is crucial to consider the nature 

of the data, the problem at hand, and the desired goals. It is recommended to explore and evaluate 

a range of machine learning algorithms, including decision trees, random forests, support vector 

machines (SVM), neural networks, and ensemble methods, among others. Each algorithm has its 

strengths and weaknesses, which must be carefully assessed in relation to the business context. 

Ultimately, a comprehensive analysis and experimentation with different algorithms should be 

conducted to identify the most suitable algorithm(s) for addressing specific global challenges in 
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businesses. This will ensure the development of accurate and robust solutions that effectively 

tackle the complexities and demands of the ever-evolving business landscape.  
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