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Introduction 

 

GENERAL INTRODUCTION 

The food sector in Algeria and many countries around the world faces multiple and complex 

challenges, ranging from environmental pollution and climate change to fluctuations in 

production and distribution processes. These challenges increase the complexities of maintaining 

food safety and mitigating health and environmental risks. These issues are of utmost importance, 

as food is the cornerstone of human survival and health. 

This study aims to develop models for predicting food crises and providing effective solutions to 

address them. By collecting comprehensive data encompassing a diverse range of products and 

influential factors, we will be able to create an analytical tool that allows us to identify potential 

factors that may lead to an increase or decrease in the price of a specific product, or estimate food 

safety risks. 

This research includes several chapters, each reviewing an important aspect of analyzing and 

predicting food safety risks. In the first chapter, we will provide an overview of food security, 

explaining its importance, influencing factors, and types. We will also review some examples of 

food security crises and their impact on society. 

In the second chapter, we will analyze and review some of the models used in predicting food 

crises, providing an in-depth look at usage methods, potential benefits, and expected challenges. 

These models will help us understand the complex dynamics that control the food market and 

provide reliable analytical tools for decision-making. 

In the third chapter, the proposed models will be applied to real market data, and the results will 

be analyzed to provide practical and effective recommendations. These recommendations will 

help improve policies and procedures for dealing with food crises, contributing to enhanced food 

security. 

Finally, in the fourth chapter, the results will be reviewed, and the performance of the proposed 

models will be evaluated, focusing on the effectiveness of these tools in predicting food safety 

risks and their application in reality. We will discuss how these tools can be used to enhance the 

ability to predict food crises and mitigate their effects, contributing to greater food sustainability. 

This study aims to provide scientific and practical contributions that help improve the 

management of food crises, enhance food safety, and reduce associated risks, benefiting society 

as a whole. 
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CHAPITER 1 

FOOD SECURITY 

1. Introduction 

Food security is a very important determinant of whether people can lead an active and 

healthy life, because it determines their access to foods required to meet nutrient needs. This  

reviews the definition of food security, the indicators used to measure food security depending on 

the level at which it is studied, how it links to nutrition and health as well as to livelihoods, what 

it is affected by, the consequences of food insecurity, and measures that are taken to mitigate 

these causes and consequences. Special attention will be paid to why it is important that food 

security assessments also include an estimate of the extent to which nutrient needs are being met, 

and the approaches and indicators, which can be used for that purpose. [1] 

2. Definition 

Food security is the community's ability to provide food that is safe and nutritious enough to 

eat. It also includes physical and economic access to food, physical and economic access to food, 

and the safe and proper use of food to ensure an active and healthy life. Food availability 

addresses the "supply side" of food security and is determined by the level of food production, 

stock levels and net trade. Food security also refers to achieving food stability and reducing 

hunger and malnutrition in the world. 

→1974 the term food security appears at the World Food Summit: 

<< Ability to supply the world with commodities at all times, to support food consumption 

growth, while controlling fluctuations and prices. >> 

The definition focused on the term food supply; ensuring food availability and price stability 

at national and international level 

→1983 FAO definition: 

<<To ensure that every person at all times has physical and economic access to the food they 

need >> 

The studies initiated by FAO have been based on the balance between food demand and 

supply. 

→1986 World Bank definition improved: 

The revision of the definition could add the concept of food security at the individual level. 

The report published by the World Bank after long studies allowed the emergence of the notion 

of food insecurity and the distinction between chronic and transient food insecurity. This new 

definition was supplemented by the notion of famine. 

→1996 matching the Global Definition by the World Food Summit: Food Security means that 

food is available at all times, that it is accessible to all, that it is nutritionally appropriate, in 

quantity, quality and variety, and that they are culturally acceptable. 
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When all these conditions are met, and only then, can we consider that a population has 

achieved security food.
 
[2] 

3. Importance 

Food security is the state in which all people have access to enough safe and nutritious food to 

meet their dietary needs for an active and healthy life, at all times. It is important because it 

ensures that people have access to the food they need to lead a healthy and prosperous life. Food 

security is linked to economic stability, long-term health, women's empowerment, and the 

environment. Many countries are facing the double burden of hunger and under nutrition 

alongside overweight and with one in three people across the globe currently suffering from some 

form of malnutrition. Food security faces a number of challenges across both production and 

consumption which research is addressing. These challenges include understanding how to re-

design the food system to be healthy, sustainable, and more resilient to climate change, helping to 

meet both the Sustainable Development Goals and the Paris Agreement. 

4. Factors 

Global food supply is not even. Some places produce more food than others do. Physical 

factors (such as climate, soil quality and gradient) and human factors (such as technology) have 

historically controlled the quantity and type of food produced in any location. Today, many other 

factors explain why some countries produce more food than others do: 
 Climate: Global warming is increasing temperatures by around 0.2°C every 10 years. 

Rainfall is increasing in some places, but decreasing in others. Higher temperatures and 

unreliable rainfall make farming difficult, especially for those farming marginal lands, 

who already struggle to survive. Even advanced countries (ACs) can be affected by 

drought. Countries such as Russia and Australia are huge exporters of wheat and barley 

respectively. When they suffer drought there is less food available globally and global 

food prices increase, leaving the poor most vulnerable.  

 Technology:  Improvements in technology have increased the amount of food available. 

Technology can overcome temperature, water and nutrient deficiencies in the form of 

greenhouses, irrigation and fertilizers. This can incur an economic or environmental cost. 

ACs import food from across the globe, all year round. 

 Loss of farmland: The growth of the biofuel market is taking up valuable farmland 

which is then not used for food. 

 Pests and diseases: Pesticides have increased crop yields. Farmers in ACs can afford 

pesticides, whereas most farmers in low-income developing countries (LIDCs) cannot 

afford them.  

 Water stress: Irrigation systems provide water for countries with unreliable or low 

rainfall. Irrigation can double crop yields, but it is expensive to put these systems in 

place. Water can be taken either from underground aquifers or directly from rivers. Both 

have environmental consequences. 

 Conflict: War forces farmers to flee their land or to fight in conflict. Food can be used as 
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a weapon, with enemies cutting off food supplies in order to gain ground. Crops can also 

be destroyed during fighting. Food shortages have caused riots and conflict. The South 

Sudan region has faced conflict for years, with 4 million people facing food insecurity. In 

the Darfur area, conflict has lasted years because of disagreement over land 

and grazing rights. 

 Poverty: When people have less money, they cannot afford food and they become unable 

to work. Families in developing countries spend much of their income on food.
 
[3] 

5. Types 

Food security can be divided into three main types, based on the availability, access and 

healthy utilization of food: 

 Full food security: All individuals, at all times, have physical and economic access to 

sufficient, safe and nutritious food that meets their dietary needs and food preferences for 

an active and healthy life. 

 Relative food security: All individuals, most of the time, have physical and economic 

access to sufficient, safe and nutritious food that meets their dietary needs and food 

preferences for an active and healthy life. 

 Food insecurity: Not all individuals sometimes or always have physical and economic 

access to sufficient, safe and nutritious foods that meet their dietary needs and food 

preferences for an active and healthy life.
 
[4] 

6. Indicators of food security crises 

Indicators of food security crises play a crucial role in assessing and tackling food insecurity, 

with key indicators including: 

 Prevalence of Food insecurity: Measurement of the percentage of the population 

experiencing moderate or severe food insecurity. UNOCHA estimates reveal that 

approximately 811 million individuals worldwide are grappling with malnutrition. The 

escalation of acute hunger is becoming more pronounced in both scope and severity. The 

WFP issues a warning that without immediate life-saving assistance; about 41 million 

individuals are at risk of experiencing famine or conditions akin to famine on a global 

scale. 

  

 
Figure 1. 1:Prevalence of Food insecurity in DMV1 [87] 
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A recent Hunger Report by the Capital Area Food Bank reveals that one in three residents, 

or 32%, experienced uncertainty about their next meal between May 2022 and April 2023. 

This statistic remains relatively consistent with the 33% reported in the 2022 survey, 

emphasizing the ongoing challenge of food insecurity. [5] 

 Climate change: Increased frequency and severity of climate shocks, regional conflicts, 

and pandemics disrupting food production and distribution. Climate change poses a 

significant threat to the availability, accessibility, and quality of food. Changes in 

temperature, precipitation patterns, extreme weather events, and water scarcity can 

diminish agricultural productivity. The IPCC underscores the heightened risks to food 

security due to climate change, particularly affecting vulnerable countries and 

populations.
 
[6] 

 Price Volatility and Trade Disruptions: Sudden spikes in food prices, export 

restrictions, and trade disruptions indicating a worsening food security situation. Price 

volatility has a substantial impact on food security, influencing household incomes and 

purchasing power. The welfare consequences for consumers are exacerbated by higher 

prices, while producers stand to benefit. Effectively addressing both price spikes and 

volatility is crucial for overall welfare [7]. IMF estimates project that higher import costs 

for food and fertilizer will impose an additional $9 billion [8]
 
in balance of payments 

pressures on highly exposed countries in 2022 and 2023. 

 

 
Figure 1. 2: Global food Price and headline inflation

 
[9] 

 Armed Conflicts: Impact of armed conflicts on food security, especially in countries 

heavily reliant on imports from conflict zones. The global repercussions of food shocks 

are evident, with 48 countries, many of which heavily depend on imports from conflict-

affected areas like Ukraine and Russia, facing severe economic challenges. The World 

Bank notes a substantial increase in acute food insecurity from 135 million in 2019 to 

345 million in 82 countries by June 2022, driven by the war in Ukraine, disruptions in 

supply chains, and the ongoing repercussions of the COVID-19 pandemic.
 
[10] 
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7. Global Crisis Chronicles 

 Drought in Somalia (2010-2012): The drought in Somalia from 2010 to 2012 was one 

of the most severe in the region's history, leading to a devastating famine and significant 

loss of life.
 
[11] 

 Floods in Pakistan (2010): The floods in Pakistan in 2010 were caused by extremely 

high rainfall in the Indus River watershed during July and August [12]. The floods 

affected approximately 20 million people, destroyed homes, crops, and infrastructure, 

leaving millions vulnerable to malnutrition and waterborne diseases.
 
[13] 

 Locust Plague in East Africa (2020): A plague of locusts descended on East Africa in 

2020, devastating crops, trees, and pasture as they moved.
 
[14] 

 
Figure 1. 3:  Locust Plague in East Africa [14] 

 War in Syria (2011 - present): The war in Syria erupted in 2011, resulting in 

widespread destruction of infrastructure and large-scale displacement of populations. 

This conflict has had a significant impact on humanitarian and security conditions in 

Syria and neighboring regions. [15] 

 COVID-19 Pandemic (Starting from 2019): The COVID-19 pandemic has 

significantly affected food security worldwide. Millions of people face hunger and 

malnutrition due to reduced incomes and disrupted food supply chains. Global food 

insecurity has increased in almost every country, with the number of severely food-

insecure people doubling from before the pandemic to 276 million.
 
[16] 

 the Russia-Ukraine Conflict: The Russia-Ukraine conflict has had a significant impact 

on global food security. Ukraine, known as the "breadbasket of Europe," is a major grain 

exporter, and the conflict has raised fears of a global food crisis, further exacerbating 

existing food security challenges worldwide.
 
[17] 
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8. Risks 

The food system encompasses various risks, including: 

 Environmental Impact 

 The food system has significantly contributed to environmental challenges such as 

climate change, environmental degradation, natural resource overexploitation, and air, 

water, and soil pollution.
 
[6] 

 Key environmental impacts of food production include the sector accounting for 26% 

of global greenhouse gas emissions, with half of habitable land worldwide dedicated 

to agriculture.
 
[18] 

 The U.S. food system has unintentionally resulted in environmental issues like 

pollution, greenhouse gas emissions, and water quality deterioration.
 
[19] 

 Industrial agriculture contributes to environmental harm through air, soil, and water 

pollution, with livestock emissions responsible for 14.5% of global greenhouse gas 

emissions.
 
[20] 

 Unsustainable food production and consumption practices have led to environmental 

degradation and biodiversity loss, emphasizing the urgency for sustainable food 

systems.
 
[21] 

 Health Effects
 

 Food insecurity can result in various adverse health effects, including increased 

illness, reduced productivity, and the development of chronic conditions. 

 The impact of food insecurity on health extends to both physical and mental well-

being, leading to conditions such as cardiovascular disease, type 2 diabetes, cancer, 

and obesity.
 
[22] 

 Additionally, food insecurity is associated with impaired learning for both children 

and adults, increased healthcare needs, and decreased productivity.
 
[23] 

 Social and Economic Consequences 

 Food insecurity is linked to low wages, adverse social and economic conditions, 

limited access to healthy foods, and residential segregation, contributing to 

socioeconomic disparities in health and well-being.
 
[24] 

 The complexity of food insecurity involves economic root causes influenced by 

factors such as low wages, adverse social and economic conditions, and limited 

access to healthy foods, residential segregation, and a lack of affordable housing.
 
[24] 

 Notably, food insecurity is not exclusive to impoverished, unhealthy, and socially 

isolated families; many reporting it have incomes above the official poverty line.
 
[23] 

 The extensive social and economic implications of food insecurity affect overall 

health, productivity, and community well-being.
 
[25] 
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 Political Influence 

 The impact of political risk and institutions on food security is substantial, with 

government stability, the rule of law, investment profile, and democratic 

accountability affecting food supply and security. 

 Political instability, weak institutions, and poor governance can result in high-level 

corruption, rapidly decreasing food security. 

 Food accessibility is more dependent on political, economic, and social factors than 

on availability. 

 Political risk and environmental degradation can adversely affect food security. 

 Addressing food insecurity requires comprehensive strategies considering political, 

economic, social, and environmental dimensions, promoting good governance, 

strengthening institutions, and ensuring democratic accountability to improve food 

security.
 
[26]

 
[27] 

9. Ways to Prevent Food Insecurity 

 Invest in Robust Food Storage Systems: Allocate resources to develop resilient food 

storage systems capable of withstanding extreme weather events. 

 Diversify Food Sources and Agricultural Techniques: Mitigate risk by diversifying 

both food sources and agricultural production techniques. 

 Adopt Water Management Systems: Implement systems for water management to 

reduce crop damage caused by floods or droughts. 

 Promote Sustainable Farming Practices: Advocate for sustainable farming methods, 

including no-till agriculture, agroforestry, and cover crops. 

 Support Smallholder Farmer: Empower smallholder farmers through access to credit 

and essential services, fostering economic empowerment. 

 Raise Public Awareness: Increase awareness among the public about the challenges to 

food security posed by climate change. 

 Enhance Soil Resilience: Increase organic carbon in the soil to enhance water retention 

and boost resilience to drought. 

 Promote Education on Food Preservation: Educate communities on effective food 

preservation techniques, such as refrigeration and dehydration. 

 Develop Early Warning Systems: Establish early warning systems for extreme weather 

events, utilizing technologies like data analytics, insights, and predictive AI to facilitate 

adaptive food production. 

 Invest in Research and Development: Allocate resources for research and development 

focused on creating climate-resilient food crops.
 
[28] 
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10.   Global Organizations 

Prominent international organizations dedicated to advancing food security include. These 

organizations play pivotal roles in addressing global food security challenges. 
 World Food Programmer (WFP): The UN's food-assistance branch, focused on 

alleviating hunger and promoting food security. 

 
Figure 1. 4: WFP 

 Food and Agricultural Organization (FAO): A specialized UN agency leading global 

initiatives to combat hunger. 

 
Figure 1. 5:FAO 

 International Fund for Agricultural Development (IFAD): Another UN specialized 

agency, addressing food insecurity and poverty in rural areas. 

 
Figure 1. 6: IFAD 

 World Bank : Providing financial and technical assistance to support nations in 

developing agriculture and food security programs. 

 
Figure 1. 7: The World Bank 
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 Care: A global organization committed to eliminating poverty and upholding human 

dignity, striving for a world where poverty is overcome, and everyone lives with dignity 

and security. 

 
Figure 1. 8: Care 

 Feeding American: Leading the fight against hunger in the United States, with a mission 

to feed the nation's hungry through a nationwide network of member food banks. 

 
Figure 1. 9: Feeding American 

 UNICEF: One of the largest UN agencies dedicated to supporting children in need 

worldwide. UNICEF is actively involved in nutrition programs and is part of the Scaling 

Up Nutrition initiative, a global effort focusing on nutrition in numerous countries. 

 

Figure 1. 10: Unicef 

 Project Concern International (PCI): A global development organization employing 

innovation to address hunger, improve health, overcome hardships, and empower women 

and girls across Asia, Africa, and the Americas. PCI has positively affected the lives of 

nearly ten million people. 

 
Figure 1. 11: PCI  [29]

 
[30] 
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11.  Conclusion  

Food security is a vital issue that directly affects the health and well-being of individuals and 

communities. This chapter addressed the definition of food security, its importance, the factors 

affecting it, and global food crisis indicators, along with examples of severe food crises. 

Achieving sustainable food security requires international cooperation, technological 

advancements in agriculture, and promoting sustainability to face increasing challenges. 

In the next chapter, we will discuss the Machine Learning models and how they can be used 

for predicting and analyzing data to improve food security and enhance the ability to forecast 

future crises. 
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CHAPTER 2 

PREDICTIVE MODELING 

 

1. INTRODUCTION 

Predictive modeling involves using statistical techniques and machine learning algorithms to 

analyze historical data and make forecasts about future outcomes. It is widely applied in various 

fields such as finance, healthcare, and marketing to identify patterns and predict trends. By 

leveraging these models, organizations can make informed decisions and improve strategic 

planning. 

This chapter offers an in-depth analysis of various models, thoroughly defining each one and 

reviewing the different types and dimensions they encompass. Emphasis is placed on explaining 

the role of each model in the analysis and prediction process. By exploring the algorithms and 

techniques used in each model, the chapter aims to provide readers with a comprehensive 

understanding of their characteristics and applications, guiding them in selecting the most 

suitable model for specific research objectives.
 
[31] 

2. Linear Regression 

2.1. Definition 

Linear regression is a statistical algorithm employed in data science and machine learning to 

establish a linear connection between an independent variable (predictor) and a dependent 

variable (outcome). In this supervised learning approach, the predictor remains constant amid 

changes in other variables, influencing fluctuations in the dependent variable. 

The regression model, at its core, predicts the value of the dependent variable, offering 

insights into various fields such as stock market forecasting, portfolio management, and scientific 

analysis. It particularly excels in scenarios with at least two variables, providing valuable 

predictions for continuous or numeric variables like sales, salary, age, or product prices. 

Visualized as a sloped straight line (Fig. 2.1) , the linear regression model serves as a powerful 

tool for predictive analysis, enhancing our understanding of relationships between variables and 

facilitating predictions for future events. 
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Figure 2. 1 :Best-Fit Line for a Linear Regression Model [32] 

2.2. Types 

Linear Regression is generally classified into two types: 

2.2.1. Simple Linear Regression 

Finding the link between a single independent variable (input) and a matching dependent 

variable (output) is the goal of simple linear regression. A straight line can be used to represent 

this. 

One possible rewrite of the same line equation is: 

                         Y = βo + β₁X + €.                                       

 Y. denotes the dependent variable, or output. 

 The unknown constants ẞ0 and 31, respectively represent the intercept and coefficient 

(slope). 

 The error term is ε (Epsilon). 

An example of a simple linear regression model's graph is shown in Fig. 2.2: 

 

 
Figure 2. 2: Graph of Simple Linear Regression Model 

2.2.2. Applications of Simple Linear Regression include  

 Predicting crop yields based on the amount of rainfall: Yield is dependent variable 

while the amount of rainfall is independent variable. 
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 The student's mark according to the number of hours studied (ideally): In this case, the 

amount of study hours is independent and the grades obtained are dependent. 

 Estimating an individual's salary based on years of experience: this makes experience 

an independent variable and salary a dependent variable.
 
[33] 

2.2.3. Polynomial Regression 

Polynomial Regression aims to model the relationship between the independent variable X and 

the dependent variable Y as an n degree polynomial. Its general equation is of the format: 

Y=β0+β1X+β2X2+…+βnXn+e.                    

Where:  

 β0, β1…, βn are the coefficients  

 X is the independent variable  

 Y is the dependent variable  

 e is the error term 

The goal of Polynomial Regression is to find the best estimates for the coefficients using the 

method of least squares. [34] 

2.3. Properties 

The following characteristics apply to the regression line where the regression parameters β0 and 

β1 are defined 

 The regression line decreases the total of squared discrepancies between observed and 

predicted values 

 The regression line crosses the mean value of the X and Y variables 

 The linear regression's y-intercept equals the regression constant β0 

 The slope of the regression line is the regression coefficient, or b₁. For every unit change in 

the independent variable (X), its value is equal to the average change in the dependent 

variable (Y)
 
[35] 

2.4. Importance 

A regression line is used to describe the behavior of a set of data, a logical approach that helps 

us study and analyze the relationship between two different continuous variables. Which is then 

enacted in machine learning models, mathematical analysis, statistics field, forecasting sectors, 

and other such quantitative applications. Looking at the financial sector, where financial analysts 

use linear regression to predict stock prices and commodity prices and perform various stock 

valuations for different securities. Several well-renowned companies make use of linear 

regressions for the purpose of predicting sales, inventories, etc. [35] 

2.5. Algorithm 

Linear Regression Algorithm Implementation Steps: 

1. Data Reading and Understanding:  

o Import essential libraries like pandas, numpy, seaborne, and matplotlib. 

o Clean and manipulate the data, addressing null values, updating formats, changing 

data types, and removing unwanted rows or columns. 

2. Exploratory Data Analysis (EDA) 

o Visualize numerical variables using scatter or pair plots for meaningful 



Chapter 2–Predictive Modeling 

15 

 

business/domain insights. 

o Employ bar plots or boxplots for visualizing categorical variables and extracting 

insights. 

3. Data Preparation 

o Convert categorical variables into dummy variables, ensuring numerical 

representation for model building. 

4. Data Splitting 

o Divide the data into training and test sets, typically with a 70:30 or 80:20 ratios. 

o Rescale the model to normalize numerical variable ranges, addressing varying 

magnitudes. 

5. Linear Model Building 

o Explore feature selection methods like Forward Selection, Backward Selection, or 

Recursive Feature Elimination (RFE). 

o Construct a linear model using selected features to establish a relationship with the 

target variable. 

6. Residual Analysis 

o Evaluate residuals on the training data to assess the distribution of errors. 

o A well-centered mean around 0 indicates a good residual analysis. 

7. Prediction and Evaluation 

o Predict outcomes on the test dataset by applying the trained model. 

o Divide the test set into X_test and y_test and calculate the r2_score. 
o Aim for a similar r2_score between the train and test sets, with an acceptable 

difference of 2–3%. [36]
 

2.6. Advantages 

 Easy to interpret: The coefficients of a linear regression model represent the change in 

the dependent variable for a one-unit change in the independent variable, making it 

simple to comprehend the relationship between the variables. 

 Robust to outliers: Linear regression is relatively robust to outliers meaning it is less 

affected by extreme values of the independent variable compared to other statistical 

methods. 

 Can handle both linear and nonlinear relationships: Linear regression can be used to 

model both linear and nonlinear relationships between variables. This is because the 

independent variable can be transformed before it is used in the model. 

 No need for feature scaling or transformation: Unlike some machine learning 

algorithms, linear regression does not require feature scaling or transformation. This 

can be a significant advantage, especially when dealing with large datasets. [36] 

2.7. Disadvantages 

 Assumes linearity: Linear regression assumes that the relationship between the 

independent variable and the dependent variable is linear. This assumption may not be 

valid for all data sets. In cases where the relationship is nonlinear, linear regression may 

not be a good choice. 
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 Sensitive to multicollinearity: Linear regression is sensitive to multicollinearity. This 

occurs when there is a high correlation between the independent variables. 

Multicollinearity can make it difficult to interpret the coefficients of the model and can 

lead to overfitting. 

 May not be suitable for highly complex relationships: Linear regression may not be 

suitable for modeling highly complex relationships between variables. For example, it 

may not be able to model relationships that include interactions between the 

independent variables. 

 Not suitable for classification tasks: Linear regression is a regression algorithm and is 

not suitable for classification tasks, which involve predicting a categorical variable 

rather than a continuous variable
 
[31] 

3. Decision Trees 
3.1. Definition 

A decision tree presents a flowchart-style structure where internal nodes represent features, 

branches depict rules, and leaf nodes indicate the algorithm's outcomes. This versatile supervised 

machine-learning algorithm serves for both classification and regression tasks, showcasing its 

robustness. Additionally, it plays a pivotal role in Random Forest, contributing to its potency by 

training on diverse subsets of data, thereby establishing Random Forest as one of the most 

formidable algorithms in machine learning
 
[37]. AN example of Decision tree model is shown in 

Fig. 2.3  

 
Figure 2. 3:Example of Decision Tree model [38] 

3.2. Types 

There are two main types of decision trees: classification trees and regression trees. These 

branches further split into various algorithms, utilizing nodes and branches for comprehensive 

decision-making. It is crucial to select the one aligning with the specific goal. 

Selecting the appropriate type is straightforward. The example questions provided for each 

type can guide analysts in determining whether their objective is best suited for a classification 

tree, dealing with "yes" or "no" questions, or a regression tree, focused on predicting continuous 

values. It is nonetheless that visualizing the decision tree through diagrams can enhance 

communication. 
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 Classification Trees: ideal for real-world problems with binary outcomes, such as food 

safety having two outcomes Yes or No. 

 Regression Trees: designed to predict continuous values, regression trees are 

constructed from historical data. Examples include forecasting products sales for the next 

quarter of the year. 

3.3. Decision tree nodes: Decision trees are made of a few simple parts, which can be 

applied, to any type of tree as well as all of the algorithms. 

 Decision tree root node: Root nodes (also known as parent nodes, meaning they have 

nodes under them in a parent-child structure) are the highest level of a decision tree, a 

starting point from which the rest of the tree grows. This node represents the question, 

task or problem the tree stems from. 

 Decision tree internal node: An internal node inside of a decision tree in which the 

preceding node branches out into two or more variables. 

 Decision tree leaf node: Also known as external nodes or terminal nodes, these are the 

endpoints and have no child nodes. It is always found furthest from the root node and is 

where the answer or solution is found. 

 Decision tree pruning: Pruning is the process of slimming down variables by removing 

nodes leaving only the most critical nodes and potential outcomes. 

 Decision tree splitting: The opposite of pruning — this divides nodes into two or more 

variables in the system. 

 Decision tree sub-tree or branch: This is a specific section of a decision tree. It contains 

multiple internal nodes and potentially some leaf nodes depending on the specific branch 

in question.
 
[39] 

3.4. Attribute selection measures 

When a dataset contains N attributes, choosing which attribute to place at the root node or as 

an internal node at different tree levels can be complex. Even randomly selecting a node as the 

root does not solve the problem. Using random methods also produces poor results with very low 

accuracy. To solve this attribute selection problem, we need to apply the following solution: 

 entropy 

 information gain 

 Gini index 

 gain ratio 

 reduce variance 

These solutions help in calculating the value of each attribute. We can sort the values and put 

them into a tree, with higher values leading to the root node and lower values leading to child 

nodes. Note that when using information gain we must treat the attributes as categorical. On the 

other hand, if we use the Gini index, we should consider it continuous. 

3.4.1. Entropy 

Entropy is a measure of the randomness of processing information. The higher the entropy, the 

more difficult it is to solve that information. For example, when we toss a coin, we cannot be sure 
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of the outcome. All we do is perform random operations that lead to random results. 

In ID3, branches with zero entropy are called leaf nodes. Those with entropy greater than zero 

must be divided. The formula for attribute entropy is: 

 ( )  ∑           

 

   

 (1) 

 

Here Pi is the probability of event i in state S. 

3.4.2. Information gain 

Information gain is a statistical characteristic that measures how well an attribute divides 

training instances according to target type. When building a decision tree, the attributes that 

provide the best information gain and lowest entropy are found. 

Information gain is a reduction in entropy. It calculates the difference between the entropy of 

the records before splitting and the average entropy of the records after splitting based on the 

specified attribute value. The formula is as follows: 
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Where before is the data set before splitting, (j, after) is the subset j after splitting, and K is the 

set of subsets created by splitting. 

3.4.3. Gini index 

The Gini index is a measure of purity or impurity used in building decision trees in the CART 

algorithm. Properties with a lower Gini index can only be compared with properties with a higher 

Gini index. Indexes can only create binary splits, which are used by the CART algorithm to 

create the same splits. 

We can use a cost function to evaluate segmentation in a data set given using the Gini index. 

We can calculate this by subtracting the sum of squared probabilities for each category from 1. It 

favors large partitions and is very easy to implement, but IG will win fewer partitions with unique 

values.  The Gini index calculation formula is as follows:  
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(3) 

3.4.4. Gain ratio 

Selecting attributes with higher values as root nodes affects information gain. It prefers 

properties with higher and unique value. C4.5 is an evolution of ID3, and the gain ratio is an 

information gain modification that reduces the impact, making it the best choice. 

Gain ratio solves the problem of exploiting information gain by taking into account the 

number of branches that occurred before the split. It corrects the information gain by preserving 

the inherent information of the split. 



Chapter 2–Predictive Modeling 

19 

 

The gain ratio is calculated as follows: 

 

           
                 

         
 
       (      )  ∑        (       ) 

   

∑         
 
   

 (4) 

 

Where before is the record before splitting. (j, after) is the subset adjacent to the partition, and 

K is the set of subsets resulting from the partition. 

3.4.5. Reduce variance 

Variance reduction is an algorithm used in regression problems or continuous target variables. 

It uses the usual variance formula to select perfect splits. The split with lower variance is the 

criterion for splitting the population. The formula is: 

         
∑(   ̅) 
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Where X-bar is the average of the values, n is the total value, and X is the actual value.
 
[40] 

3.5. The role of decision trees in data science 

We have mostly focused on the use of decision trees in choosing the most effective course of 

action in business, but this type of informational mapping also has practical applications in data 

mining and machine learning. 

In this context, decision trees are not used to manually determine some optimal course of 

action, but rather as a predictive model to automatically make observations about a given dataset. 

These algorithms take in enormous amounts of information and use a decision tree to derive 

accurate predictions about new data points. For example, consider using the medical data of 

thousands of hospital patients to predict the likelihood of a person developing a disease.
 
[37] 

3.6. Algorithm 

Creating a decision tree algorithm involves the following steps: 

  Data Pre-processing step. 

  Fitting a Decision-Tree algorithm to the Training set. 

  Predicting the test result. 

  Test accuracy of the result (Creation of Confusion matrix). 

  Visualizing the test set result.
 
[40] 

3.7. Advantages 

Decision trees hold several advantages for data scientists.  

 Interpretability: Their interpretability stands out as a key strength, presenting model rules 

in a flow chart-like manner for clear communication with stakeholders. This transparency 

builds confidence and provides detailed insights into predictions. 

 Less Data Preparation: A notable benefit is the minimal need for data preparation. Unlike 

other algorithms, decision trees do not necessitate steps like normalization or outlier 

treatment, simplifying the modeling process and making it a preferred choice for data 

scientists. 
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 Non-Parametric: Being a non-parametric algorithm distinguishes decision trees from 

others like linear regression or naïve Bayes. There are fewer assumptions to fulfill, 

offering flexibility and ease of implementation. 

 Versatility: Versatility is another asset, as decision trees excel not only in predictions but 

also in data exploration and as a baseline model for assessing data quality. They adeptly 

handle both regression and classification problems, and their variants can address 

segmentation challenges. 

 Non-Linearity: The ability to create complex decision boundaries allows decision trees to 

tackle non-linear problems effectively. This distinctive feature, coupled with 

interpretability, sets them apart in the realm of algorithmic solutions.
 
[41] 

3.8. Disadvantages 

Decision trees come with notable drawbacks that may limit their utility in certain scenarios. 

Here are key disadvantages: 

 Overfitting: Decision trees exhibit a high variance, making them prone to overfitting. 

Their lack of an inherent stopping mechanism can lead to complex decision rules. While 

tuning parameters or pruning can mitigate this, their effectiveness might be constrained. 

 Feature Reduction & Data Resampling: The training phase of a decision tree can be time-

consuming, especially with numerous continuous independent variables. Imbalanced class 

datasets can bias the model toward the majority class. Addressing these issues involves 

reducing features to streamline time complexity and potentially duplicating or removing 

rows to handle class imbalances. 

 Optimization: Decision trees operate with a greedy approach, seeking pure nodes at each 

level without considering the broader impact on subsequent splits. This heuristic nature 

enhances interpretability but does not guarantee globally optimal results. Variables with 

high significance or causing data leakage can influence the process, and while using an 

ensemble of decision trees can address some issues, it sacrifices interpretability.
 
[41] 

4. Random Forests 

4.1. Definition 

Random Forests, also known as Random Decision Forests, constitute an ensemble learning 

technique employed for classification, regression, and various tasks. This algorithm constructs 

multiple decision trees during training, and in classification, the final output is determined by the 

majority vote of the trees. For regression, it is the mean or average prediction of individual trees. 

Characterized by the creation of numerous small decision trees termed estimators, Random 

Forests generate predictions, combining their outputs to enhance overall accuracy.  

Initially developed in 1995 by Tin Kam Ho using the random subspace method, the algorithm 

was later expanded by Leo Breiman and Adele Cutler. Random Forests find wide applications in 

tasks involving large datasets with high dimensionality and diverse feature types, excelling in 

mitigating overfitting and demonstrating robust generalization to unseen data, even with missing 

values. 

 The term "forest" refers to an ensemble of decision trees, typically trained using the bagging 
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method, addressing the tendency of decision trees to over fit their training set.
 
[42]

 
[31] 

 
Figure 2. 4: Example of Random Forests 

   Hyper parameters in Random Forests are used to enhance performance and predictive power or 

to make the model faster. Key hyper parameters include: 

 n_estimators: Number of trees built by the algorithm before averaging the products. 

 max_features: Maximum number of features the random forest uses before considering 

splitting a node. 

 min_sample_leaf: Determines the minimum number of leaves required to split an internal 

node. 

 n_jobs: Conveys how many processors are allowed to use. If the value is 1, it can use only 

one processor, but if the value is -1, there is no limit. 

 random_state: Controls randomness of the sample, ensuring consistent results with the 

same hyper parameters and training data. 

 oob_score: Out of Bag (OOB) is a random forest cross-validation method, using one-third 

of the sample to evaluate performance.
 
[43] 

4.2. Random Forest Applications 

The random forest algorithm finds applications across various domains, for instance: 

 Finance: Preferred over other algorithms for evaluating credit risk, detecting fraud, and 

options pricing. 

 Healthcare: Applied in computational biology for gene expression profiling, biomarker 

discovery, and sequence annotation, enabling estimates about drug responses to specific 

medications. 

 E-commerce: Used in recommendation engines for cross-selling purposes [38] 

 Food safety: Random Forest can be used to forecast food safety risks and enhance 

effectively early warning systems.  

4.3. Important Terms 

Understanding the Random Forest algorithm involves knowing key terms: 

 Entropy: A measure of randomness or unpredictability in the dataset. 

 Information Gain: A measure of the decrease in entropy after splitting the dataset. 

 Leaf Node: Carries the classification or decision. 
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 Decision Node: A node with two or more branches. 

 Root Node: The topmost decision node where all data is initially.
 
[44] 

4.4. Algorithm 

The Random Forest algorithm is explained through the formula:  

Random forest = tree bagging + feature sampling. 

4.4.1. Tree Bagging: Bagging, short for "bootstrap aggregation," involves three main steps: 

 Construction of n decision trees by randomly selecting n observation samples. 

 Training each decision tree independently. 

 Making predictions on new data by applying each of the n trees and taking the 

majority decision among the forecasts. 

4.4.2. Feature Sampling 

 Feature sampling is a process of randomly selecting variables (data columns), 

typically drawing Root n variables for a problem with n total variables. 

 In the context of credit acceptance, each bank studies a loan application with limited 

access to customer information. Different banks may base their decisions on subsets 

of information, such as age, occupation, and annual income for one, while another 

may consider marital status, gender, and outstanding loan count. 

 Feature sampling helps lower the correlation between trees, reducing the potential 

disruption in result quality. In statistical terms, it is said to reduce the variance of the 

created set. [45] 

4.5. Advantages 

Random Forests offer several advantages, differentiating them from other machine learning 

algorithms: 

 Versatility in Handling Data Types: Proficiently manages both categorical and 

numerical data without the need for scaling or variable transformation. 

 Implicit Feature Selection: Conducts feature selection implicitly, generating 

uncorrelated decision trees, advantageous for datasets with a substantial number of 

features. 

 Robustness to Outliers: Demonstrates resilience to outliers by binning variables during 

the process. 

 Handling Linear and Non-Linear Relationships: Adeptly manages both linear and non-

linear relationships within the data.  

 High Accuracy and Balanced Bias-Variance Trade-Off: Typically provides high 

accuracy while effectively balancing the bias-variance trade-off.  

 Compensation for Overfitting: Excels in compensating for overfitting and exhibits 

robust generalization to unseen data, even with missing values.  

 Flexibility and Ease of Use: Known for flexibility, ease of use, and suitability for both 

classification and regression tasks. [46]
 
[47]

 
[48] 

4.6. Disadvantages 

While Random Forests offer numerous advantages, it's crucial to consider their drawbacks: 
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 Computational Intensity for Large Datasets: Can be computationally intensive for 

extensive datasets, potentially resulting in slower performance.  

 Lack of Interpretability: Models are not easily interpretable, posing challenges in 

understanding how the model reaches its predictions. 

 Performance Issues on Small or Low-Dimensional Datasets: May not perform well on 

small or low-dimensional datasets as the randomness factor becomes significantly reduced. 

 Potential for Overfitting with Noisy Data: Might over fit when dealing with data 

containing a high level of noise, although this risk can be mitigated through voting 

mechanisms.  

 Black Box Nature with Limited Control: Operates like a black box, providing little control 

or insight into the inner workings of the model.
 
[48]

 
[49]

 

4.7. Random Forest vs. Decision Tree: The Table 2.1 illustrates the main differences 

between Random Forests and Decision Trees. 

 

Aspect Random Forest Decision Tree 

Nature Ensemble of multiple decision trees Single decision tree 

Bias-Variance Trade-off Lower variance, reduced overfitting Higher variance, prone to overfitting 

Predictive Accuracy Generally higher due to ensemble Prone to overfitting, may vary 

Robustness More robust to outliers and noise Sensitive to outliers and noise 

Training Time Slower due to multiple tree construction Faster as it builds a single tree 

Interpretability Less interpretable due to ensemble More interpretable as a single tree 

Feature Importance Provides feature importance scores 
Provides feature importance, but less 

reliable 

Usage 
Suitable for complex tasks, high-

dimensional data 
Simple tasks, easy interpretation 

Table 2. 1: Overview of Random Forest vs Decision Tree [50] 

5. Support Vector Machines (SVM) 

5.1. Definition 

A Support Vector Machine (SVM) is a machine-learning algorithm with applications in 

classification, regression, and outlier detection. It identifies an optimal line or decision boundary 

to separate classes, maximizing the margin between the hyperplane and the nearest data points of 

each category. SVMs excel in binary classification and can handle non-linear scenarios through 

the kernel trick, implicitly mapping inputs into higher-dimensional feature spaces. 

Introduced in 1963 by Vladimir N. Vapnik and Alexey Ya. Chervonenkis, SVMs gained 

popularity in text categorization, image classification, and biological sciences. They extend to 

regression tasks, predicting continuous values with an optimal hyperplane and maintaining a 

tolerance margin. SVMs handle various data separation types, employing different kernel 

functions such as linear, polynomial, or radial basis function (RBF) kernels. 

Despite computational costs and sensitivity to parameter tuning, SVMs remain popular for 



Chapter 2–Predictive Modeling 

24 

 

their adaptability, flexibility, and effectiveness in real-world scenarios involving higher-

dimensional spaces [51] [31]. Fig. 2.5 shows an example of SVM Model. 

 

 
Figure 2. 5: Diagram-depicting-SVM-example-with-hyperplane-for-classification-problem [52] 

5.2. Support Vector Machine (SVM) Terminology 

 

 Hyperplane: The hyperplane serves as the decision boundary, separating data points of 

different classes within a feature space. In linear classifications, it is represented by the 

equation wx + b = 0. Optimal hyperplanes are selected based on maximizing the margin, 

which is the distance from the hyperplane to the nearest data point on each side. 

 

 
Figure 2. 6: Multiple hyperplanes in SVM separating data in two classes 

 Support Vectors: These are the nearest data points to the hyperplane, playing a crucial 

role in determining the hyperplane and margin. 

 

 Margin: The margin is the distance between the support vector and the hyperplane. The 

primary objective of the SVM algorithm is to maximize this margin, and a wider margin 

indicates better classification performance. 
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Figure 2. 7: Margin in SVM 

 Kernel: Kernels are mathematical functions used in SVM to map original input data 

points into high-dimensional feature spaces. This transformation facilitates finding the 

hyperplane, even when data points are not linearly separable in the original input space. 

Common kernel functions include linear, polynomial, radial basis function (RBF), and 

sigmoid. 

 
Figure 2. 8: Kernel machine in SVM 

 Hard Margin: The hard margin hyperplane is the maximum-margin hyperplane that 

perfectly separates data points of different categories without any misclassifications. 

 Soft Margin: In cases where data is not perfectly separable or contains outliers, SVM 

introduces a soft margin technique. Each data point has a slack variable, softening the 

strict margin requirement and allowing for certain misclassifications or violations. This 

approach finds a compromise between increasing the margin and reducing violations. 

 Parameter C: The regularization parameter C in SVM balances margin maximization and 

misclassification fines. It determines the penalty for exceeding the margin or 

misclassifying data items. A higher value of C imposes a stricter penalty, resulting in a 

smaller margin and potentially fewer misclassifications. 

 Hinge Loss: Hinge loss is a typical loss function in SVMs, punishing incorrect 

classifications or margin violations. The objective function in SVM frequently combines 

hinge loss with the regularization term. 
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 Dual Problem: The dual problem of the optimization requires locating Lagrange 

multipliers related to support vectors. Solving the dual problem enables the use of kernel 

tricks and more effective computation. [53] 

5.3. Applications 

SVMs find applications in various real-world scenarios, demonstrating their versatility in 

solving diverse problems: 

 Text and Hypertext Categorization: SVMs play a crucial role in text and hypertext 

categorization. Their use significantly reduces the dependency on labeled training 

instances in both standard inductive and transductive settings. Additionally, methods for 

shallow semantic parsing often rely on support vector machines. 

 Image Classification: SVMs are effective in classifying images. Experimental results 

indicate that SVMs achieve notably higher search accuracy compared to traditional query 

refinement schemes, particularly after just three to four rounds of relevance feedback. 

This effectiveness extends to image segmentation systems, including modified versions of 

SVM that incorporate the privileged approach as suggested by Vapnik. 

 Satellite Data Classification: SVMs are employed in the classification of satellite data, 

including Synthetic Aperture Radar (SAR) data. The supervised SVM approach proves 

valuable in accurately categorizing diverse types of satellite information. 

 Handwritten Character Recognition: SVMs are utilized for recognizing handwritten 

characters. Their ability to effectively distinguish and classify diverse handwritten 

symbols contributes to their application in character recognition systems. 

 Biological and Scientific Applications: SVM algorithms have found widespread use in 

biological and other scientific fields. They have been successfully applied to classify 

proteins, achieving classification accuracies of up to 90%. Permutation tests based on 

SVM weights offer a mechanism for interpreting SVM models. The interpretation of 

support vector machine weights has been utilized in the past, and ongoing research 

focuses on posthoc interpretation to identify features used by the model for making 

predictions. This area of study holds special significance in the biological sciences. [31] 

5.4. Types 

There are two main types of Support Vector Machines (SVM) 

5.4.1. Linear SVM 

 Linear SVM is applied to datasets characterized as linearly separable, implying that these 

datasets can be divided into two distinct classes using a sole straight line. When dealing with 

linearly separable data, a Linear SVM classifier is employed. 

 To illustrate the functionality of the SVM algorithm in this context, consider a dataset 

containing two features, denoted as x1 and x2, and associated with two tags, green and 

blue. The objective is to create a classifier that can effectively categorize pairs of 

coordinates (x1, x2) into either the green or the blue class. This process involves finding 

the optimal hyperplane, which serves as the decision boundary, by maximizing the margin 

between the classes.  
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 Given the two-dimensional nature of the space, a straightforward separation of these two 

classes is achievable using a single straight line. However, it is important to note that 

multiple lines have the potential to separate these classes effectively.  
 Thus, the SVM algorithm is designed to identify the optimal line or decision boundary, 

referred to as a hyperplane. The SVM algorithm determines the support vectors, which are 

the closest points from both classes to the hyperplane. The margin, defined as the distance 

between the support vectors and the hyperplane, is a crucial factor. The objective of SVM 

is to maximize this margin, ultimately leading to the identification of the hyperplane with 

the maximum margin, known as the optimal hyperplane 

 
Figure 2. 9:Linear SVM 

 

5.4.2. Non-Linear SVM 

 Non-Linear SVM, as its name suggests, is employed when dealing with non-linearly 

separated data. In cases where a dataset cannot be effectively classified using a straight line, 

denoting it as non-linear data, the appropriate classifier is referred to as the Non-linear SVM 

classifier. 

 In scenarios where data is linearly organized, a straightforward line can be utilized for 

separation. However, when the data exhibits non-linear patterns, a single straight line 

becomes insufficient.  
 To segregate these data points effectively, introducing an additional dimension is 

necessary. While linear two dimensions, denoted as x, characterize data and y, non-linear 

data requires the incorporation of a third dimension, represented as z. 

 This dimension is calculated using the equation: z = x² + y². The inclusion of this third 

dimension transforms the sample space. 

 At this point, the SVM algorithm will delineate the datasets into distinct . 
 In a 3-dimensional space, it appears akin to a plane parallel to the x-axis. Upon 

conversion to a 2-dimensional space with z=1, the representation transforms into: 



Chapter 2–Predictive Modeling 

28 

 

 
                      Figure 2. 10:Non-Linear SVM 

Therefore, a circular boundary with a radius of 1 is obtained in the case of non-linear data. [54] 

5.5. How Does function a Support Vector Machine? 

 Optimal Hyperplane Determination :  
o SVM aims to find the hyperplane that best separates data points of different 

classes. 

o The chosen hyperplane maximizes the margin between classes, enhancing 

classification accuracy. 

 Utilization of Support Vectors  

o Support vectors, which are the closest data points to the hyperplane, play a 

crucial role in determining the optimal hyperplane. 

o The distance between support vectors and the hyperplane, known as the 

margin, is a key factor in SVM. 

 Kernel Transformation for Non-linearity 

o SVM employs kernel functions to transform data into higher-dimensional 

spaces. 

o This transformation is particularly useful for handling non-linear separable 

data points in the original space. [55] 

5.6. Examples of Support Vector Machines (SVM) 

 Addressing Geo-Sounding Problems 

o SVMs are extensively used to track the layered structure of the Earth, solving 

inversion problems in geo-sounding. 

o Linear functions and support vector algorithms assist in separating 

electromagnetic data, contributing to mapping the Earth's structure. 

 Assessing Seismic Liquefaction Potential 

o SVMs play a crucial role in evaluating the potential for soil liquefaction during 

events like earthquakes. 

o Handling tests such as Standard Penetration Test (SPT) and Cone Penetration 

Test (CPT), SVMs use field data to determine seismic conditions, achieving 

high accuracy. 

 Protein Remote Homology Detection 
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o In computational biology, SVMs contribute to protein remote homology by 

categorizing proteins based on amino acid sequences. 

o Kernel functions in SVMs highlight commonalities between protein 

sequences, making them instrumental in computational biology. 

 Data Classification 

o SVMs, especially smooth SVMs, are preferred for data classification, 

employing smoothing techniques to identify patterns by reducing data outliers. 

o Smooth SVMs utilize algorithms like the Newton-Armijo algorithm for 

handling larger datasets and optimizing problem solving. 

 Facial Detection & Expression Classification 

o SVMs are used for classifying facial structures versus non-facial entities, 

creating decision boundaries based on pixel intensity. 

o Facial expression classification, encompassing emotions like happy, sad, 

angry, utilizes SVMs for accurate categorization. 

 Surface Texture Classification 

o SVMs contribute to classifying surface images, determining the texture of 

surfaces in images, and categorizing them as smooth or gritty. 

 Texte Categorization & Handwriting Recognition  

o SVMs are applied in text categorization, classifying data into predefined 

categories such as news articles or email types. 

o Handwriting recognition involves training SVM classifiers with sample data 

and later classifying handwriting based on score values. 

 Speech Recognition  

o In speech recognition, SVMs process audio data by extracting features like 

Mel Frequency Cepstral Coefficients (MFCC) to recognize and separate words 

from speeches. 

 Steganography Detection  

o SVMs are employed for detecting tampering or hidden data in digital images, 

aiding in security-related matters by analyzing pixel data. [56] 

5.7. Advantages  
Support Vector Machines (SVMs) present several advantages: 

 Effective in High-Dimensional Spaces: SVMs perform well in high-dimensional spaces, 

where the number of features exceeds the number of observations. They efficiently handle 

such data, making them suitable for applications with numerous features. 

 Handling Nonlinear Data: SVMs can implicitly manage non-linearly separable data using 

kernel functions. The kernel trick enables the transformation of the input space into a 

higher-dimensional feature space, facilitating the identification of linear decision 

boundaries. 

 Performance with Small Datasets: SVMs demonstrate effectiveness with small datasets, 

proving valuable in situations where data availability is limited. 
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 Effective in instances where the number of dimensions is larger than the number of 

specimens: SVMs are effective in instances where the number of dimensions is larger 

than the number of specimens, showcasing their versatility. 

 Memory Efficiency: SVMs exhibit comparably memory systematic behavior, making 

them memory-efficient compared to other machine learning algorithms. [55]
 
[57]

 
[58] 

5.8. Disadvantages 

Disadvantages of Support Vector Machines (SVMs) include: 

 Computationally Intensive: SVMs can be computationally expensive, particularly with 

large datasets, leading to increased training time and memory requirements as the number 

of training samples grows. 

 Sensitivity to Kernel Choice: The performance of an SVM is highly dependent on the 

choice of kernel, making it challenging to determine the most suitable kernel for a given 

dataset. 

 Sensitivity to Parameter Choice: SVMs are sensitive to parameter choices, such as the 

regularization parameter, making it difficult to find optimal values for a given dataset. 

 Not Suitable for Large Datasets: The SVM algorithm may not be suitable for handling 

large datasets efficiently. 

 Performance with Overlapping Classes: SVMs may not perform well when datasets 

contain more noise, specifically when target classes overlap. 

 Requirement of Complete Datasets: SVMs require complete datasets without missing 

values, as they cannot handle such cases. [57]
 
[59] 

6. Logistic regression 

6.1. Definition 

Logistic regression estimates the probability of an event occurring, such as voted or didn’t 

vote, based on a given data set of independent variables. 

This type of statistical model (also known as logit model) is often used for classification and 

predictive analytics. Since the outcome is a probability, the dependent variable is bounded 

between 0 and 1. In logistic regression, a logit transformation is applied on the odds—that is, the 

probability of success divided by the probability of failure. This is also commonly known as the 

log odds, or the natural logarithm of odds, and this logistic function is represented by the 

following formulas:  

   (  )   (     (   ))⁄   (6) 

 

  (
  
(    ))                             ⁄                                           (7) 

 

In this logistic regression equation, log (pi) is the dependent or response variable and x is the 

independent variable. The beta parameter, or coefficient, in this model is commonly estimated via 

maximum likelihood estimation (MLE). This method tests different values of beta through 

multiple iterations to optimize for the best fit of log odds. All of these iterations produce the log 
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likelihood function, and logistic regression seeks to maximize this function to find the best 

parameter estimate. Once the optimal coefficient (or coefficients if there is more than one 

independent variable) is found, the conditional probabilities for each observation can be 

calculated, logged, and summed together to yield a predicted probability. For binary 

classification, a probability less than 0.5 will predict 0 while a probability greater than 0 will 

predict 1.  After the model has been computed, it’s best practice to evaluate the how well the 

model predicts the dependent variable, which is called goodness of fit. The Hosmer–Lemeshow 

test is a popular method to assess model fit. [60] 

 
Figure 2. 11: Logistic regression 

6.2. Logistic Regression in Predictive Analytics 

Logistic Regression is a versatile statistical method used for binary classification and, with 

some modifications, for multiclass classification. Here are some common use cases for logistic 

regression 

 Medical Diagnosis: Logistic regression is used in healthcare for tasks such as disease 

prediction and patient risk assessment. For example, it can predict whether a patient has 

a particular disease (yes/no) based on various medical test results and patient 

characteristics. 

 Credit Scoring: Banks and financial institutions use logistic regression to assess credit 

risk. It helps in determining whether a loan applicant is likely to default on a loan or has 

a good creditworthiness based on their financial history, income, and other relevant 

factors. 

 Marketing and Customer Churn: Logistic regression is employed in marketing to predict 

customer behavior. For instance, it can determine whether a customer is likely to 

purchase a product or cancel a subscription based on historical data, demographics, and 

interactions with the company. 

 Sentiment Analysis! In natural language processing, logistic regression can be used for 

sentiment analysis. It classifies text as positive, negative, or neutral based on the 

sentiment expressed in the text. For example, it can analyze social media comments to 

gauge public sentiment about a product or brand. 

 Spam Detection: Logistic regression is a common tool in email spam filters. It classifies 

incoming emails as spam or not spam based on features like keywords, sender 

information, and email content. 
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 Quality Control: In manufacturing and quality control, logistic regression can be used to 

predict whether a product is likely to be defective or meet certain quality standards 

based on various measurements and parameters. 

 Employee Attrition: Human resources departments use logistic regression to predict 

employee attrition or turnover. It helps in identifying factors that contribute to 

employees leaving a company, such as job satisfaction, salary, and work environment. 

 Default Prediction: Logistic regression is used in the finance industry to predict loan 

defaults. It assesses whether a borrower is likely to default on a loan based on their 

financial history, credit score, and other relevant factors. 

 Real Estate: In real estate, logistic regression can be used to predict whether a house will 

be sold within a certain period based on features like location, price, and property 

characteristics. 

 Social Sciences: Logistic regression is widely used in social sciences for various 

research purposes, including predicting voting behavior, analyzing survey data, and 

studying the impact of variables on a specific outcome.
 
[61] 

6.3. Applications of logistic regression 

Logistic regression has several real-world applications in many different industries. 

 Manufacturing: Manufacturing companies use logistic regression analysis to estimate the 

probability of part failure in machinery. They then plan maintenance schedules based on 

this estimate to minimize future failures. 

 Healthcare: Medical researchers plan preventive care and treatment by predicting the 

likelihood of disease in patients. They use logistic regression models to compare the 

impact of family history or genes on diseases.  

 Finance: Financial companies have to analyze financial transactions for fraud and assess 

loan applications and insurance applications for risk. These problems are suitable for a 

logistic regression model because they have discrete outcomes, like high risk or low risk 

and fraudulent or not fraudulent.   

 Marketing: Online advertising tools use the logistic regression model to predict if users 

will click on an advertisement. As a result, marketers can analyze user responses to 

different words and images and create high-performing advertisements with which 

customers will engage. [62] 
6.4. Types of Logistic Regression 

On the basis of the categories, Logistic Regression can be classified into three types: 

 Binomial: In binomial Logistic regression, there can be only two possible types of the 

dependent variables, such as 0 or 1, Pass or Fail, etc. 

 Multinomial: In multinomial Logistic regression, there can be 3 or more possible 

unordered types of the dependent variable, such as ―cat‖, ―dogs‖, or ―sheep‖ 

 Ordinal: In ordinal Logistic regression, there can be 3 or more possible ordered types of 

dependent variables, such as ―low‖, ―Medium‖, or ―High‖.  [63] 
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6.5. Algorithm 

6.5.1. Logistic Function (Sigmoid Function) 

 The sigmoid function is a mathematical function used to map the predicted values to 

probabilities. 

 It maps any real value into another value within a range of 0 and 1. 

 The value of the logistic regression must be between 0 and 1, which cannot go beyond 

this limit, so it forms a curve like the "S" form. The S-form curve is called the Sigmoid 

function or the logistic function. 

 In logistic regression, we use the concept of the threshold value, which defines the 

probability of either 0 or 1. Such as values above the threshold, value tends to 1, and a 

value below the threshold values tends to 0. 

6.5.2. Assumptions for Logistic Regression 

 The dependent variable must be categorical in nature. 

 The independent variable should not have multi-collinearity. 

6.5.3. Logistic Regression Equation 

The Logistic regression equation can be obtained from the Linear Regression equation. The 

mathematical steps to get Logistic Regression equations are given below: 

We know the equation of the straight line can be written as: 

                           (8) 

 

In Logistic Regression y can be between 0 and 1 only, so for this let's divide the above 

equation by (1-y): 
 

   
                                (9) 

 

But we need range between -[infinity] to +[infinity], then take logarithm of the equation it will 

become: 

   [ 
 

   
 

  
]                          + (10) 

 

The above equation is the final equation for Logistic Regression. [52] 

6.6. Advantages of the Logistic Regression Algorithm 

 Logistic regression performs better when the data is linearly separable 

 It does not require too many computational resources as it’s highly interpretable 

 There is no problem scaling the input features—It does not require tuning 

 It is easy to implement and train a model using logistic regression 

 It gives a measure of how relevant a predictor (coefficient size) is, and its direction of 

association (positive or negative) [64] 

6.7. Disadvantages of the Logistic Regression Algorithm 

 Overfitting on high dimensional data  
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 Nonlinear problems can't be solved with logistic regression since it has a linear decision 

surface  

 Assumes linearity between dependent and independent variables. 

 Fails to capture complex relationships. 

 Only important and relevant features should be used otherwise model's predictive value 

will degrade. [65] 

7. Conclusion 

In conclusion, the second chapter of this study represents a continuation of our journey into 

the world of analytical and predictive modeling. In this chapter, we focused on analyzing several 

different models and delving into their details comprehensively. We provided a thorough 

definition of each model, along with reviewing the various types that each model may follow. 

Emphasis was placed on explaining the different dimensions of each model and their role in the 

analysis and prediction process. By exploring the algorithms and techniques employed in each 

model, this chapter aimed to provide the reader with a deep understanding of the different 

characteristics and applications of these models, and how to select the most appropriate model for 

specific research objectives. 

In the next chapter, we will continue our journey in the world of modeling by applying a 

specific model to some products. 

 

 

 

https://www.geeksforgeeks.org/support-vector-machine-algorithm/
https://www.geeksforgeeks.org/support-vector-machine-algorithm/
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CHAPITER 3 

PROPOSED MODELS FOR FOOD SAFETY  

 

1. Introduction  

In recent years, there has been an increasing trend towards using machine-learning techniques 

in analyzing and predicting food safety risks, as previous studies have demonstrated the ability of 

these techniques to accurately predict and classify food safety risks. Additionally, efforts have 

been directed towards building analytical models to forecast the prices of certain products and 

classify them based on food safety risks, with the aim of mitigating market disruptions and 

providing a framework for effective decision-making in pricing. In this chapter, we will review 

previous research related to food safety risks and apply analytical and predictive models to 

several products, with the goal of illustrating how modern techniques can be used to estimate and 

classify prices according to food risk levels 

2. State of the art 

Food security and crisis management pose significant threats to human well-being and social 

stability. Traditional approaches to addressing these challenges often rely on manual data analysis 

and decision-making processes, which can be time-consuming and error-prone. In recent years, 

Machine Learning (ML) models have demonstrated their ability to extract valuable insights from 

large and complex datasets. By leveraging ML algorithms, food-related data can be analyzed 

more efficiently, leading to improved decision-making and resource allocation. 

ML techniques can significantly enhance the performance of crisis prediction and early 

warning systems by analyzing large, diverse datasets and identifying complex patterns and 

relationships that may be difficult for humans to discern. For example, ML models can be trained 

on historical climate data, market fluctuations, conflict patterns, and other relevant variables to 

predict the likelihood and severity of impending crises. These models can then be integrated into 

early warning systems to provide decision-makers with timely and actionable insights. 

Several studies have applied ML models to food insecurity and crisis management. For 

instance, [66] attempted to find the best way to predict food prices for the average Canadian 

consumer, while [67] proposed Food Security Prediction framework and applied machine and 

deep learning models on heterogeneous data.  

In the context of food insecurity, [68] proposed ML approaches to infer predictors of food 

insecurity in southern Malawi, while  [69] explored how the COVID-19 pandemic influenced 

urban food insecurity patterns, and [70] highlighted the role of AI and big data analytics for 

forecasting disruptions in global food value chains to tackle food insecurity. Using remote 

sensing and ML-Based prediction, [71] tackled food insecurity of wheat grain crops and used 

three regression techniques including Random Forest, Xtreme Gradient Boosting (XGB) 
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regression, and Least Absolute Shrinkage&Selection Operator (LASSO) regression. 

Handling more specific products, authors in [72] proposed ML methods to predict the Turkish 

mercantile exchange wheat index. They showed that tree-based methods revealed better overall 

performance, while authors in  [73]explored neural network model for forecasting problems in 

datasets of daily prices over periods of greater than 50 years for coffee, corn, cotton, oats, 

soybeans, soybean oil, sugar, and wheat. 

Analytics of social media data investigated ML efficacy in food security. For instance, [74] 

introduced ―HungerGist‖, a multi-task deep learning model utilizing news texts and NLP 

techniques. Authors exploited for the study, a corpus of over 53,000 news articles from nine 

African countries. They demonstrated that their proposed model can predict three critical 

objectives (food insecurity, food price, and social insecurity). With our proposed models, we aim 

to predict food price and safety risk of several products using datasets from various sources. 

3. Dataset Description 

3.1. Collect of the Dataset 

The data was collected from multiple sources, including the Al-Kadhi market for price data 

and the Mateo website for weather data. This diversity in sources enables a deeper understanding 

of the factors influencing the food market and product quality, as well as how weather conditions 

impact these processes. By utilizing this diverse data, advanced analytical models can be 

developed to monitor and assess food safety risks, and build effective strategies to address these 

risks and ensure food safety for consumers. 

3.2. List of Products: We have selected a set of 34 products presented in the table 3.1. 

 

Green Legumes Dry Legumes Fruits 

Artichoke Green Olive Dry Beans Apple 

Black olive Lettuce Corn Bananas 

Beans Onion Chickpeas Lemon 

Beetroot Onion Bundle Fouila Orange 

Cabbage Pea Lentils Strawberry 

Carrot Pepper   

Cauliflower Potato   

Cucumber Pumpkin   

Eggplant Prickly Artichoke   

Fennel Tomato   

Garlic Turnip   

Green Beans Zucchini   

Table 3. 1: List of Products of the study 

3.3. Detailed description of the dataset  

The Dataset spans a few months from January to April, providing us with daily prices of all 

the products listed in Table 3.1. We collected real data making for us a great opportunity to create 

an advanced model for predicting food prices and monitoring food safety risks. This model is 
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comprehensive and accurate, analyzing a wide range of variables to understand the conditions 

that may affect food quality and safety. 

 Days: The number of days reflects the time period for data collection, allowing for the 

analysis of changing conditions throughout the year, contributing to an understanding of 

seasonal variations in food safety. 

 Temperature، Humidity, Wind, and Precipitation: These variables provide insights into the 

surrounding weather conditions, which influence bacterial growth and food spoilage, and 

are thus used to estimate food safety risks and take appropriate preventive measures. 

 Prices: Changes in prices reflect economic challenges that may impact food quality and 

safety, allowing for an estimation of the effects of economic conditions on food safety 

risks. 

 Food safety risk: To determine whether the price fluctuations of a product indicate a 

potential crisis or not, we relied on the collective knowledge and extensive experience of 

numerous experts specializing in the fields of economics and trading.  

 

3.4. A Sample of collected data 

 

 
Figure 3. 1: A sample of collected data 

4. Development Environment 

 PyCharm (Version 2023.1.2): PyCharm serves as a dedicated integrated development 

environment (IDE) crafted for Python programming. It provides essential features like code 

analysis, a graphical debugger, integrated unit testing, seamless integration with version 

control systems, and support for web development. 

 Scikit-learn (Version 1.2.1): Scikit-learn, or sklearn, emerges as a comprehensive machine-

learning library tailored for Python. It encompasses a plethora of algorithms and utilities 

addressing diverse machine learning tasks, spanning from classification and regression to 
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clustering and dimensionality reduction. 

 NumPy (Version 1.24.1): NumPy emerges as a fundamental Python library facilitating 

numerical computing. It enables efficient and high-performance operations on 

multidimensional arrays, crucial for endeavors such as scientific computing, data analysis, 

and machine learning. 

 Pandas (Version 1.5.3): Pandas enjoys widespread adoption as an open-source library 

specializing in data manipulation and analysis within Python. Its core lies in offering a user-

friendly and efficient approach to handling structured data through its DataFrame data 

structure. With Pandas, tasks like data cleaning, filtering, transformation and aggregation are 

streamlined. Moreover, it provides robust tools for data visualization and seamless integration 

with other libraries. Pandas stands as a favored choice among data scientists and analysts for 

managing tabular data in Python. 

These tools, along with matplotlib. pyplot, which facilitates data visualization, collectively 

empower the implementation and evaluation of our approach. [75] 

5. Proposed Regression models 

Regression models are a class of statistical models used in data analysis and machine learning 

to explore the relationship between one or more independent variables (often called predictors or 

features) and a dependent variable (often called the target or outcome). The primary goal of 

regression analysis is to understand how changes in the independent variables are associated with 

changes in the dependent variable. This understanding can help in making predictions and 

explaining the observed data. There are various types of regression models, each suited to 

different types of data and research questions. Some common types of regression models include: 

[75] 

We conducted an analytical study of vegetable prices, applying two different regression 

models to predict these prices. These models included linear regression and polynomial 

regression. 

 

5.1. Simple Linear regression 

As an illustrative example, a simple model was created to analyze and predict the price of 

bananas using linear regression, where the correlation coefficient (R-squared) was used to 

evaluate the model's ability to explain the variance in the data. The data was split into two parts, 

with half of the data used to train the model and the other half-used to test its performance based 

on the following code excerpt: 
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Exemple obtained result : 

 
Figure 3. 2: Simple Linear regression for Bananas 

5.2. Polynomial Regression 

An illustrative example using polynomial regression model was created to analyze the price of 

garlic, where the correlation coefficient (R-squared) was used to assess the model's ability to 

explain the variance in the data. The model was trained using all available data, and the predicted 

results are presented accordingly. 
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Figure 1.3: 

Example obtained result for Garlic product: 
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Figure 3. 3: Polynomial Regression for Garlic product 

 

6. Proposed classification models 

After conducting the regression process using the different models we have studied, we 

tackled the classification modeling in order to predict for each product whether its price variation 

may conduct to a food safety risk or not. We identified several important variables for predicting 

vegetable prices, such as the time (expressed by days of the year), temperature, humidity, wind 

speed, rainfall, and prices. The class label indicating the potential safety risks and expressed as a 

binary "yes" or "no" is determined, thanks to expertise of food market traders and economists 

depending on the aforementioned factors. Utilizing these variables, we trained four models: 

Random Forests, Decision Trees, Support Vector Machine (SVM), and Logistic regression. 

 

6.1. Random forest 

A random forest model was used where the data was divided into two sets: The training set on 

which the model was trained with 75%, and the test set with 25%. The confusion matrix and 

measures of precision, accuracy, positive precision, and recall were used to evaluate the model's 

performance and effectiveness in classification. Based on the following code excerpt: 
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Results obtained from Dry Beans Dataset : 

 
6.2. Decision Trees 

Decision trees are a machine learning technique used to solve classification and prediction 

problems. As an illustrative example, we used decision tree analysis to investigate vegetable price 

data, specifically to predict safety risk of the pepper. The process included the following steps: 
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We started by reading data from a CSV file, leveraging the Pandas library. 

         

Next, we convert the columns to their appropriate data types, ensuring data validity by applying 

the pd.to_numeric function. 

 

The text values in the ―Risk‖ column was then converted to classifiable numeric values using the 

LabelEncoder library. 

  
Next, we split the data into two subsets: a training set and a test set, adhering to an 80:20 split 

accomplished through the train_test_split function. 

 
We built the model using the decision tree algorithm DecisionTreeClassifier. 

  
We then determined the number of nodes in the decision tree and evaluated its accuracy on the 

test data. 
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Finally, we plotted a decision tree to visualize the decisions the model makes based on different 

input variables, using the plot_tree function. 

 The obtained decision tree of pepper is presented in Fig. 3.4. 

 

 
Figure 3. 4: Decision tree classification for Pepper product 

 

The tree starts from the root node at the top, then branches out into child nodes based on the 

values of the variables. At each node, a decision is made based on the value of a particular 

variable. If the conditions are met, the tree moves to the next node; otherwise, it moves to a 

different node. Ultimately, the tree reaches a leaf node (end node) where the final decision is 

made.  

For example, if the wind speed is less than 3.45 m/s, the humidity is less than 44.5%, and the 

temperature is 0.49 degrees Celsius, the tree will reach the final decision of "yes" (the 

phenomenon occurs). Other paths can be read in the same way to make different decisions. 

 

Overall, this provides an overview of the number of nodes in the decision tree generated and the 

resulting classification accuracy when applied to the dataset. 
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6.3. Support Vector Machine (SVM) 

We applied a Support Vector Machine (SVM) algorithm to predict food safety risk based on 

the aforementioned variables. In this context, we divided the data into a training set and a test set. 

We then trained the model and used it to predict safety. Next, we calculated the accuracy to 

evaluate the model's performance. In addition, we printed a classification report to get a deeper 

understanding of the model's performance. Finally, we plot actual and forecast safety risk of the 

selected product. The following code illustrates all these steps for the orange product as an 

example. 

 
 

The obtained result for Orang product: 
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Figure 3. 5: Support Vector Machine (SVM) 

 

 
 

6.4. Logistic regression 

Logistic Regression model is used to predict food safety risk. The data is split into training 

and testing sets with an 80:20 ratios, and feature scaling (standardization) is applied to the 

independent variables. After training the model, its accuracy is calculated. The following code is 

predicting safety risk for the lettuce product as an example. 
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The obtained result is as follows: 

 
Figure 3. 6: Logistic regression 
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7. Conclusion 

This chapter reviewed the process of developing ML models to predict the prices of a set of 

vegetables and forecasting their safety risks using market data and weather information. 

Regression and classification models such as Linear and polynomial regressions, random forests, 

decision trees, support vector machines, and logistic regression were applied. The performance of 

these models was evaluated through measures such as the correlation coefficient, confusion 

matrix, accuracy, positive predictive value, as well as plotting the data and predictions to visually 

assess the models. 

In the next chapter, detailed results of applying these models to all the vegetable products in 

the dataset will be presented, providing an opportunity to evaluate the performance of the models 

in more detail and allowing for a comparison of results across different products. 
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CHAPITER 4 

RESULTS AND DISCUSSION 

 

1. Introduction  

To evaluate the performance of the proposed models for predicting and classifying food safety 

risks, we conducted comprehensive and extensive experiments, and valuable tangible results were 

collected. In this section, we will present the results of the corresponding experiments to illustrate 

the effectiveness of each model. 

 

2. Obtained Results and Discussion 

2.1. Regression models  

After applying regression models, which are used as a means of prediction, and calculating the 

correlation coefficient for 34 products, the correlation coefficient results were obtained for each 

model. These results illustrate the relationship between the independent variables and the 

dependent variable for each product, helping to provide accurate forecasts and make informed 

decisions in the future.  Table (4.1) shows the summary of all studied products (34) product. 

  

Product Linear 

regression 

Polynomial  

Regression 

Product Linear 

regression 

Polynomial  

Regression 

Apple 0.47 0.87 Green olive 0.24 0.81 

Artichoke 0.36 0.89 Prickly Artichoke 0.08 0.84 

Bananas 0.93 0.18 Lemon 0.12 0.76 

Green Beans 0.16 0.79 Lentils 0.03 0.47 

Dry Beans 0.71 0.78 Lettuce 0.04 0.49 

Beetroot 0.44 0.77 Onion 0.09 0.75 

Black olive 0.11 0.69 Onion Bundle 0.11 0.74 

Cabbage 0.12 0.86 Orange 0.22 0.70 

Carrot 0.03 0.50 Pea 0.14 0.47 

Cauliflower 0.42 0.85 Pepper 0.28 0.31 

chickpeas 0.17 0.72 Potato 0.03 0.57 

Corn 0.42 0.83 Pumpkin 0.27 0.85 

Zucchini 0.43 0.91 Strawberry 0.21 0.50 

beans 0.04 0.88 Tomato 0.09 0.56 

Cucumber 0.52 0.84 Turnip 0.37 0.74 

Eggplant 0.08 0.46 Fouila 0.10 0.80 
Table 4.1: R-Squared of Regression Models 
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In Table 4.1, we present the correlation coefficients (R_squard) calculated for all the products 

of the dataset. It can be seen that most products are better predicted using the Polynomial 

Regression model. This interpretation is logical because Linear Regression models may not 

adequately capture the complexity of the relationship between variables of the dataset, while 

Polynomial Regression can handle more complex patterns and capture non-linear relationships 

between variables by fitting a non-linear regression line. Furthermore, the prediction ratio (R²) 

for certain products, such as Onion Bundle, Carrot, Turnip, Pumkin and Lemons, was 

suboptimal when using regression models, likely due to the significant price volatility exhibited 

by these commodities during the study period. 

 

2.2. Classification models 

When applying classification models to 34 products and analyzing the classification accuracy 

for each model, results were obtained that reflect the effectiveness of each model in accurately 

classifying the products. These results highlight the predictive ability of each model in correctly 

classifying the products, contributing to providing accurate recommendations and making 

informed decisions in the future. Table 4.2 shows the accuracy of the used classification models 

for the 34 studied products.   

 

Products Random Forest Decision Tree SVM Logistic regression 

Apple 57.89 60 76.92 69.23 

Artichoke 36.84 60 38.46 46.15 

Bananas 42.11 86.66 23.07 30.76 

Green Beans 57.89 60 38.46 30.76 

Beans 78.95 53.33 61.53 61.53 

Beetroot 21.05 86.66 69.23 46.15 

Black olive 78.95 73.33 53.84 46.15 

Cabbage 52.63 53.33 30.76 23.07 

Carrot 26.32 86.66 30.76 7.69 

Cauliflower 31.58 66.66 46.15 30.76 

chickpeas 84.21 86.66 30.76 23.07 

Corn 36.84 93.33 7.69 20 

Zucchini 21.05 73.33 38.46 23.07 

Crispy beans 84.21 66.66 92.30 69.23 

Cucumber 21.05 73.33 7.96 15.38 

Eggplant 47.37 86.67 38.46 46.15 

Fennel 57.89 66.67 61.53 61.53 

Garlic 52.63 80 15.38 23.07 

Green olive 63.16 66.67 38.46 53.84 

Prickly Artichoke 47.37 66.67 69.23 69.23 

Lemon 47.37 86.67 69.23 69.23 

Lentils 78.95 93.33 48.16 76.92 
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Lettuce 26.32 66.67 15.38 15.38 

Onion 36.84 86.67 25 16 

Onion bundle 57.89 99 46.15 46.15 

Orange 26.32 93.34 38.33 38.46 

Pea 57.89 73.33 76.92 23.07 

Pepper 42.11 86.67 23.07 15.38 

Potato 47.37 93.33 15.38 15.38 

Pumpkin 36.84 80 53.48 46.15 

Strawberry 63.16 93.33 46.15 61.53 

Tomato 15.79 86.66 7.96 15.38 

Turnip 31.58 86.66 53.84 46.15 

Fouila 84.21 80 92.30 76.92 

Table 4.  2: Accuracy of Classification Models 

Table 4.2 shows a summary of accuracy results using classification models. It can be seen that 

Decision Tree model exhibited strong predictive performance for the majority of products (27 

products), which aligns with the well-established effectiveness of this model across various 

domains, particularly in anticipating potential crises. Nonetheless, SVM model demonstrated 

superior accuracy for certain commodities, while only a handful of products achieved optimal 

prediction through Random Forest and surprisingly, Logistic Regression model failed to 

accurately predict the safey risk for any product.  

 

 

3. Conclusion 

After conducting comprehensive experiments on various models for predicting food prices and 

forecasting food safety risks, the results showed that **Polynomial Regression** and **Decision 

Tree** models delivered the best performance. These models demonstrated high accuracy in 

predicting and correctly classifying the products, confirming their effectiveness and efficiency in 

food safety applications. These results contribute to providing accurate recommendations and 

making informed decisions to enhance food safety in the future. 
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GENERAL CONCLUSION 

 

Machine learning models have the potential to revolutionize food insecurity and crisis 

management by providing predictive analytics, optimizing resource allocation, and enhancing 

decision-making.  

We would like to emphasize the significant importance of food security and its direct impact 

on the health and well-being of individuals and communities. This study addressed the analysis 

and prediction of food safety risks through the development of predictive models based on data 

and its analysis. Various models were reviewed and applied to real market data, focusing on 

predicting product prices and assessing food safety risks. 

This study highlighted two primary objectives: 1) identifying influential predictors to enable 

price prediction and crisis forecasting using regression models, and 2) leveraging well-

established classification models for food crisis early warning systems. 

     By applying several ML models on a dataset spanning 34 products (legumes and fruits) over 

an entire year, the results demonstrated promising potential for predicting food insecurity risks 

for the majority of the commodities. The results showed that **Polynomial Regression** and 

**Decision Tree** models were the most efficient in accurately predicting and classifying the 

products, confirming their effectiveness in food safety applications. These findings contribute to 

providing accurate recommendations and making informed decisions to enhance food safety in 

the future. 

We conclude by highlighting that achieving sustainable food security requires international 

cooperation, technological advancements in agriculture, and promoting sustainability to face 

increasing challenges. By utilizing predictive models and analytical tools, we can improve our 

ability to address future food crises and ensure the availability of safe food for everyone. 

We hope that this study has contributed to enhancing our understanding of the challenges and 

potential solutions in the field of food security and serves as an impetus for further research and 

development in this vital area. 

However, several challenges and opportunities remain to be addressed, including improving 

data quality and increasing the availability of relevant data sources. However, in the future, we 

plan to explore deep learning techniques like CNN, LSTM, etc., to analyze datasets for food 

crisis forecasting. In addition, we plan to integrate more predictors like supply chains for 

enhancing the accuracy of insecurity risks. 
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 الملخص

سج خٕاسصيياث نخعهى الآنت )الاَحذاس انخطي انبسيظ، الاَحذاس انًخعذد انحذٔد، الاَحذاس  سخعًالفي ْزا انبحث، حى ا

ٔحصُيفٓا. حى خًع يدًٕعت بياَاث انهٕخسخي، انغاباث انعشٕائيت، شدشة انقشاس، ٔآنت يخدّ انذعى( نهخُبؤ بًخاطش الأيٍ انغزائي 

شايهت حخضًٍ بياَاث الأسعاس ٔبياَاث انطقس انخي حؤثش عهى يخاطش الأيٍ انغزائي، ٔاسخخذيج نخذسيب ٔاخخباس انًُارج. حى 

أداءً اسخخذاو يعاييش الأداء يثم انذقت ٔانُقأة ٔإعادة الاسخذعاء نخقييى انًُارج. أظٓشث انُخائح أٌ خًيع انخٕاسصيياث قذيج 

خيذاً، ٔنكٍ ًَٕرج الاَحذاس انًخعذد انحذٔد حقق أفضم يعايم اسحباط بانُسبت نًُارج انخُبؤ، بيًُا حققج شدشة انقشاس أعهى دقت 

في ًَارج انخصُيف. يسهظ ْزا انبحث انضٕء عهى فعانيت حعهى الآنت في انخُبؤ بًخاطش الأيٍ انغزائي ٔحصُيفٓا، ٔيبشص أًْيت 

 .انًخقذيت نهحذ يٍ ْزِ انًخاطش ٔضًاٌ سلايت انغزاء نهًسخٓهكيٍاسخغلال انخقُياث 

 التصنيفنحداا،، ئية، توقع المخاطر، الالم الآلي، السلامة الغذاالأمن الغذائي، التعمفتاحية: كلمات 

. 

Summary 
In this thesis, six machine learning algorithms (simple linear regression, polynomial regression, logistic 

regression, random forests, decision tree, and support vector machine) were explored to predict and 

classify food safety risks. A comprehensive dataset including price data and weather data affecting food 

safety risks was collected and used to train and test the models. Performance metrics such as accuracy, 

precision, and recall were used to evaluate the models. The results showed that all algorithms performed 

well, but the polynomial regression model achieved the best correlation coefficient for prediction models, 

while the decision tree achieved the highest accuracy for classification models. This research highlights 

the effectiveness of machine learning in predicting and classifying food safety risks and underscores the 

importance of leveraging advanced techniques to mitigate these risks and ensure food safety for 

consumers. 

Keywords: Food security, machine learning, food safety, risk prediction, regression, classification. 

 

Résumé 
Dans ce mémoire, six algorithmes d'apprentissage automatique (régression linéaire simple, régression 

polynomiale, régression logistique, forêts aléatoires, arbre de décision et machine à vecteurs de support) 

ont été explorés pour prédire et classer les risques de sécurité alimentaire. Un ensemble de données 

complet comprenant les données de prix et les données météorologiques affectant les risques de sécurité 

alimentaire a été collecté et utilisé pour entraîner et tester les modèles. Des mesures de performance telles 

que la précision, la pureté et le rappel ont été utilisées pour évaluer les modèles. Les résultats ont montré 

que tous les algorithmes ont offert de bonnes performances, mais le modèle de régression polynomiale a 

obtenu le meilleur coefficient de corrélation pour les modèles de prédiction, tandis que l'arbre de décision 

a atteint la plus haute précision pour les modèles de classification. Cette recherche met en évidence 

l'efficacité de l'apprentissage automatique pour prédire et classer les risques de sécurité alimentaire, et 

souligne l'importance d'exploiter les techniques avancées pour atténuer ces risques et assurer la sécurité 

alimentaire des consommateurs. 

Mots clés:  Sécurité alimentaire, apprentissage automatique, sureté alimentaire,  prévision du risque, 

régression, classification 

 


