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Abstract 

This study predicts the dynamics of the COVID-19 epidemic based on the 

ElasticNet regression model, exploring the relationship between epidemic 

transmission and control strategies. COVID-19, as a global infectious disease, has 

had a profound impact on public health, society, the economy, and individual lives 

since its outbreak at the end of 2019. Through data-driven modeling methods, this 

research aims to address the limitations of traditional epidemiological models in 

handling high-dimensional data and dynamic complexity. ElasticNet, combining the 

strengths of Lasso and Ridge regressions, performs feature selection and prevents 

overfitting, making it suitable for predicting the complex dynamics of epidemic 

development. 

The main tasks of this study include data collection and preprocessing, training 

and validation of the ElasticNet model, and forecasting future epidemic developments 

over multiple time horizons based on historical data. Data from China, including 

daily new cases, cumulative cases, deaths, and other indicators, were used to build a 

regression model centered around ElasticNet. Experimental results show that the 

model performs well across various prediction scenarios, particularly in periods with 

significant changes in epidemic transmission, where it adapts to provide reliable 

forecasts. 

The main findings of the study are as follows: The ElasticNet model excels at 

handling high-dimensional data with strong correlations among variables and can 

automatically select the most influential factors on epidemic transmission. Forecasts 

for different time horizons (e.g., 3 days, 7 days, and 30 days) indicate that the model's 

error is lower for short-term predictions, but longer-term forecasts are still crucial for 

resource allocation and policy decision-making. Additionally, the study emphasizes 
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the importance of dynamic data updates and model optimization to keep pace with the 

rapid changes in the epidemic. 

However, some limitations of this study remain, such as the variability in data 

quality and the impact of regional differences on the model's prediction performance. 

Furthermore, the accuracy of long-term forecasts could be improved. Future research 

could incorporate multimodal data (such as social behavior, climate factors, etc.) and 

more efficient machine learning algorithms to enhance prediction accuracy. This 

study not only provides data support for COVID-19 control measures but also offers 

theoretical foundations and practical experience for predicting other similar infectious 

diseases. 

Keywords: ElasticNet regression, COVID-19 epidemic prediction, 

high-dimensional data modeling, machine learning, public health decision-making. 
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1. INTRODUCTION

1.1  Background and significance of the study 

COVID-19 (Coronavirus Disease 2019) is a global infectious disease caused by 

the Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). Since its 

discovery in late 2019, COVID-19 rapidly developed into a global pandemic, posing 

a severe challenge to public health systems worldwide and having a profound impact 

on society, the economy, and individual health. SARS-CoV-2 is a coronavirus 

belonging to the β-genus of the Coronaviridae family, closely related to SARS-CoV 

(the severe acute respiratory syndrome virus that emerged in 2003) and MERS-CoV 

(the Middle East respiratory syndrome virus that emerged in 2012). Its genome is 

composed of single-stranded positive-sense RNA, which has a high mutation rate and 

strong transmissibility [1]. SARS-CoV-2 primarily spreads through respiratory 

droplets, but can also be transmitted via contact with contaminated surfaces or 

aerosols in the air [2]. 

COVID-19 exhibits exponential growth in its spread, with the reproduction 

number (R0) estimated to be between 2 and 4 [3]. This rapid transmission pattern 

places enormous demands on healthcare resources and public health systems. For 

example, during peak periods of the pandemic, many countries faced shortages of 

medical equipment and healthcare personnel. The pandemic also caused far-reaching 

economic impacts, including supply chain disruptions, rising unemployment, and 

slower economic growth. The International Monetary Fund (IMF) predicted that 

COVID-19 would cause a 3% global economic contraction in 2020 [4]. The virus has 

a relatively long incubation period, typically ranging from 2 to 14 days, which 

increases the difficulty of controlling its spread. After infection, symptoms can range 
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from mild to severe, with common symptoms including fever, dry cough, fatigue, and, 

in severe cases, acute respiratory distress syndrome, organ failure, and other 

complications [5]. 

Governments worldwide have adopted various non-pharmaceutical interventions 

(NPIs) to control the spread of the virus, including: social distancing measures such 

as lockdowns and public gathering restrictions; travel restrictions such as border 

closures and reduction in international travel; and personal protective measures such 

as promoting the wearing of masks, maintaining social distancing, and hand hygiene 

[6], [7], [8]. While these measures have partially curtailed the spread of the virus, 

they have also led to negative impacts such as social isolation and mental health 

issues. 

Since the outbreak of the pandemic, the global scientific community has 

accelerated vaccine development. By 2021, multiple COVID-19 vaccines had been 

approved and vaccination campaigns were underway worldwide. Vaccines have 

significantly reduced severe illness and mortality, becoming a key tool in controlling 

the pandemic. In terms of treatment, although there is no specific antiviral drug, 

several treatment options, including antiviral drugs, antibody therapies, and 

corticosteroids, have shown effectiveness in alleviating symptoms. For example, 

dexamethasone has been shown to be highly effective in severe cases [9]. 

The motivation for COVID-19 epidemic prediction is to control the spread of the 

virus, optimize healthcare resource allocation, mitigate economic and social burdens, 

and respond to viral mutations and vaccine distribution. As of now, the pandemic has 

caused millions of deaths and infections, while severely impacting the global 

economy. In this context, epidemic prediction has become a critical task in public 

health. Accurate epidemic prediction can help identify high-risk regions and 
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populations in the future, supporting governments and public health agencies in 

taking effective prevention and control measures. For example, by predicting daily 

new cases, governments can decide whether to implement lockdowns, social 

distancing, and other interventions [10]. The outbreak of the epidemic has put 

tremendous pressure on healthcare systems, including shortages of hospital beds, 

ventilators, and medical personnel. Predictions can help estimate future resource 

demands, optimize distribution plans, and prevent resource waste or shortages. 

Epidemic control measures (such as lockdowns) have significantly impacted 

economic and social activities. By predicting the development of the epidemic, 

policies can be formulated to balance public health and economic development, 

reducing unnecessary economic losses. The continuous mutation of SARS-CoV-2 has 

raised new demands for public health policies. Prediction models can analyze the 

transmission patterns of different variants and guide vaccine distribution strategies to 

maximize public health benefits from vaccination [11]. 

The goal of COVID-19 epidemic prediction is to use data and modeling 

techniques to simulate and predict the dynamic process of the epidemic, providing 

scientific evidence for public health decision-making. Prediction of epidemic trends 

includes forecasting the number of new confirmed cases, deaths, and recoveries over 

a future period. These predictions can provide estimates for the peak time, duration, 

and end of the epidemic [12]; Evaluation of intervention measures simulates the 

impact of different control measures (such as lockdowns, travel restrictions, and 

vaccination) on epidemic development, helping decision-makers select the optimal 

intervention plans. Regional epidemic risk assessment, through analysis of epidemic 

data from different regions, identifies high-risk areas, supporting resource allocation 

and policy implementation [8]; Supporting vaccination strategies, based on epidemic 

prediction results, optimizes the order and distribution of vaccine allocation to ensure 
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priority coverage in high-risk populations [13]; Long-term epidemic management 

planning forecasts the long-term trend of the epidemic, providing support for 

long-term planning of public health systems, including the construction of medical 

infrastructure and adjustments to public health policies [14]. 

COVID-19 epidemic prediction faces multiple challenges: inconsistent data 

quality, where epidemic data may have errors, omissions, and delays. Different 

countries and regions use different standards for counting confirmed cases and deaths, 

making it difficult to compare and analyze data [15]; insufficient data dimensions, 

where many key data (such as personal behavior data, socio-economic indicators) 

may not have been fully collected, limiting the accuracy of prediction models [16]; 

dynamic characteristics of epidemic transmission, where transmission patterns are 

influenced by various factors (such as viral mutations, policy interventions, and 

public behavior). These dynamic factors increase the complexity of modeling [17]; 

complex effects of policy interventions, where the impact of different policies may 

vary by time and region, making it difficult for models to comprehensively quantify 

their effects [18]; regional differences, where significant variations in healthcare 

resources, population density, and cultural background make models difficult to 

generalize and require adjustments for specific cases; the impact of viral mutations, 

where the transmissibility and pathogenicity of new variants may significantly affect 

the accuracy of predictions made by existing models; heterogeneous data integration, 

where epidemic predictions require integrating various types of data (such as 

epidemiological, environmental, and social media data), but these data come from 

diverse sources with differing formats and qualities, complicating data processing; 

real-time prediction demands, where epidemic predictions require rapid responses, 

but the integration and processing of multimodal data may cause delays in timeliness 

[19]; public behavior and social psychological impacts, as epidemic transmission is 
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closely related to public behavior, such as wearing masks and maintaining social 

distance. However, public behavior is influenced by complex factors such as policies, 

culture, and psychology, making it difficult to model accurately; ethical and privacy 

issues, as epidemic prediction requires extensive use of personal data (such as 

location information and health records), making it a challenge to protect privacy 

while enabling data sharing and efficient prediction. 

Based on ElasticNet, the COVID-19 epidemic dynamic prediction method 

provides a new approach to epidemic forecasting, combining the strengths of statistics, 

machine learning, and epidemiology. It demonstrates strong adaptability and 

predictive capability in handling complex and variable epidemic data. This method is 

not only suitable for COVID-19 but can also be extended to other similar infectious 

disease predictions, providing data support and theoretical basis for global public 

health response strategies. 

1.2  The research status 

The ElasticNet model is a linear regression model designed to address the 

variable selection problem in high-dimensional data. It was introduced by Zou and 

Hastie in 2005, combining the advantages of Lasso regression (L1 regularization) and 

Ridge regression (L2 regularization) to overcome the limitations of each. Lasso 

regression performs variable selection, while Ridge regression handles 

multicollinearity issues. In practice, ElasticNet balances the strengths and weaknesses 

of both regression methods by adjusting two regularization parameters (L1 and L2), 

enabling it to select strongly correlated features in high-dimensional data while 

avoiding overfitting. 

The primary motivation for the development of ElasticNet was to address the 

"curse of dimensionality" often encountered in high-dimensional statistical modeling, 
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where there are many features but only a few truly influential variables. ElasticNet 

uses regularization techniques (particularly the combination of L1 and L2) to ensure 

model simplicity while enhancing predictive accuracy. With the advent of the big data 

era, ElasticNet has been widely applied across various fields, including gene selection, 

financial forecasting, image processing, and epidemiology. 

Since the COVID-19 pandemic first emerged in late 2019, it has rapidly spread 

worldwide, presenting unprecedented challenges to public health systems, economies, 

and societies. The rapid transmission, complex dynamic characteristics, and uncertain 

future trends of the pandemic have made traditional epidemiological models, such as 

the SEIR (Susceptible-Exposed-Infected-Recovered) and SIR (Susceptible-Infected- 

Recovered) models, inadequate for accurately describing and predicting the course of 

the disease. As a result, increasing numbers of researchers have turned to data-driven 

methods, particularly machine learning algorithms, to improve the accuracy of 

pandemic predictions. 

The introduction of the ElasticNet regression model allows for handling 

multi-dimensional pandemic-related data and selecting the most relevant features 

through feature selection, thereby improving the predictive performance of the model. 

Unlike traditional models based on fixed parameters or infection rates, the ElasticNet 

model does not rely on assumed values but instead learns patterns from historical 

pandemic data. Specifically, ElasticNet can consider a range of factors, including 

government policies, social behavior, medical resources, and population density, to 

fully account for the dynamic changes and transmission patterns of the pandemic. 

Therefore, ElasticNet has shown significant advantages in predicting the COVID-19 

pandemic, especially when handling large, complex datasets, as it can automatically 

select the most important variables, improving prediction accuracy. 
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Predicting the dynamic process of the COVID-19 pandemic faces multiple 

challenges, one of which is how to handle complex high-dimensional data. The 

transmission of the virus is influenced by various factors, including population 

movement, government interventions, social behavior changes, and medical resource 

availability, which have complex non-linear relationships. Traditional 

epidemiological models often assume linear relationships among these factors, 

making it difficult to adapt to the evolving pandemic data. In contrast, the ElasticNet 

model uses regularization to automatically select relevant variables in 

high-dimensional data and effectively address multicollinearity, making it a powerful 

tool for pandemic prediction. 

An important advantage of ElasticNet is its regularization mechanism, which 

reduces the risk of overfitting. In the context of COVID-19 data, many factors may 

interact in complex ways and be highly correlated, causing traditional linear 

regression models to overfit. However, through the combination of L1 and L2 

regularization, ElasticNet can effectively reduce the risk of overfitting during feature 

selection, improving the model's generalization ability. [20]; Additionally, ElasticNet 

can adaptively adjust model parameters, allowing it to update predictions when new 

pandemic data arrives. This self-adjusting ability is particularly important for 

dynamic processes like the COVID-19 pandemic, where new variables and 

information continually alter the transmission patterns. ElasticNet's adaptability 

enables it to track real-time changes in the pandemic and adjust predictions 

accordingly as the model is updated. 

Ribeiro et al. (2020) used the ElasticNet regression model to make short-term 

predictions for the COVID-19 pandemic in Brazil. By incorporating government 

policy interventions, population movement, medical resources, and social behavior 

into the model and training it using ElasticNet regression, they found that ElasticNet 
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could effectively capture key factors influencing pandemic transmission, providing 

accurate predictions [21]; Yang et al. (2020) applied the ElasticNet model to dynamic 

predictions of the COVID-19 pandemic in China. By combining ElasticNet with an 

improved SEIR model, they proposed a new multi-factor modeling approach that 

considered the impacts of government policies, changes in social behavior, and 

medical interventions, achieving good prediction results [22]; Global epidemic trend 

analysis by Flaxman et al. (2020) used the ElasticNet model to model the COVID-19 

pandemic across multiple European countries. They found that the ElasticNet model 

performed well across different countries, automatically adjusting predictions based 

on the data of each country, providing scientific support for government 

policymaking [3]. 
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2. MAIN CONCEPTS

With the accumulation of epidemiological data, prediction models based on 

statistics and machine learning have been widely applied to forecast the spread of 

COVID-19, case numbers, and healthcare burdens. These methods can capture 

nonlinear relationships between complex data, improving prediction accuracy and 

reliability [17], [23]. In epidemic forecasting, traditional linear regression methods 

are widely used due to their ease of understanding and implementation, but they 

perform poorly when faced with high-dimensional data and multicollinearity issues. 

To address these challenges, researchers have adopted improved regression methods, 

such as Ridge Regression, Lasso Regression, Bayesian Regression, and Least Angle 

Regression (LAR), each with its unique characteristics and application scenarios. 

The outbreak of COVID-19 has triggered a high demand for data-driven 

research, due to the complexity of virus transmission and the sharp increase in 

healthcare resource requirements. Data ranging from confirmed cases, death rates, 

vaccine coverage, to the implementation of non-pharmaceutical interventions provide 

the foundation for modeling and prediction [14]; By analyzing historical data, 

researchers can identify key driving factors and provide scientific evidence for 

policymakers. COVID-19 epidemic forecasting is a crucial part of public health 

decision-making. Epidemic prediction models aim to simulate the dynamic process of 

virus spread, forecast future case numbers, healthcare resource needs, and the end 

time of the epidemic. Accurate epidemic forecasts provide key support for resource 

allocation and policy adjustments. For example, early prediction models, such as the 

SIR and SEIR models, used mathematical modeling techniques to predict the 

trajectory of the epidemic and its peak period, offering valuable references for 

decision-makers [10]. 
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This paper predicts the dynamic process of the COVID-19 pandemic based on 

the ElasticNet model. The rapid spread and high volatility of COVID-19 present 

numerous challenges for traditional epidemiological models in terms of prediction 

accuracy and practical application. To overcome these limitations, the ElasticNet 

regression model is employed. This model combines the advantages of Ridge 

Regression and Lasso Regression, making it effective in maintaining good prediction 

performance when faced with multicollinearity and high-dimensional data. 

2.1  Workplan 

The primary objective of this workplan is to develop a regression model based 

on the ElasticNet algorithm to predict the dynamics of COVID-19 cases. Using data 

from a chosen country, this project involves data collection, model building, statistical 

forecasting, and error analysis. The work will be implemented using Python, with a 

focus on statistical accuracy and model performance evaluation. 

2.2  Tasks 

2.2.1  Data Collection 

1) Choose a target country for analysis.

2) Collect COVID-19 statistics (e.g., total cases) from the pandemic's start to

September 30, 2024.

3) Save this data in a file named NameCountry-total_amount.csv.

4) Collect data specifically for the period January 1, 2024, to September 30,

2024, in cases_per_year.csv.
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2.2.2  Model Preparation 

1) Familiarize yourself with the ElasticNet regression model using resources 

from scikit-learn. 

2) Prepare datasets for training and testing the model. 

3) Implement data preprocessing steps, including handling missing data and 

feature scaling. 

2.2.3  Model Training and Forecasting 

1) Train the ElasticNet regression model using historical data. 

2) Generate forecasts for various scenarios: 

⚫ 3-day forecast: Use data up to September 27, 2024. 

⚫ 5-day forecast: Use data up to September 25, 2024. 

⚫ 7-day forecast: Use data up to September 23, 2024. 

⚫ 10-day forecast: Use data up to September 20, 2024. 

⚫ 14-day forecast: Use data up to September 16, 2024. 

⚫ 21-day forecast: Use data up to September 9, 2024. 

⚫ 30-day forecast: Use data up to August 31, 2024. 

2.2.4  Error Analysis 

1) Calculate absolute and relative errors for each forecast. 

2) Analyze which forecast duration provides the lowest error. 
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2.2.5  Visualization 

1) Create charts for each forecasting scenario using the Matplotlib library.

2) Compare predictions with real data and visualize error trends.

2.2.6  Secondary Study 

1) Conduct additional forecasts using data from January 1, 2024.

2) Repeat the forecasting and error analysis process for comparison.

2.2.7  Paper Writing 

1) Summarize findings and conclusions regarding the model's accuracy and its

dependence on dataset selection.

2) Discuss the scenarios with the lowest error and highlight key insights.

2.3  Milestones 

1) Week 1-2: Data Collection. Complete data extraction and preprocessing for

the selected country.

2) Week 3-4: Model Preparation. Familiarize yourself with ElasticNet and

implement the preprocessing pipeline.

3) Week 5-6: Model Training and Forecasting. Train the ElasticNet regression

model and generate forecasts for various durations.

4) Week 7: Error Analysis. Calculate and analyze errors for all forecast

scenarios.
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5) Week 8: Visualization. Create comprehensive visualizations for all

scenarios.

6) Week 9: Secondary Study. Repeat the forecasting process using the

alternative dataset (from January 1, 2024).

7) Week 10: Paper Compilation. Write the final report, including methodology,

results, and conclusions.

2.4  Notations 

2.4.1  Linear Regression Model 

We begin with the most basic linear regression model. Suppose we have 𝑛 

samples, and each sample has 𝑝 features. The goal of linear regression is to predict 

the target variable 𝑦 using a linear equation. 

For the 𝑖-th sample, the linear regression model is: 

T

i i iy x = +ò (1) 

where: 

iyR is the target value of the 𝑖-th sample.

p

ixR is the feature vector of the 𝑖-th sample (with 𝑝 features).

pR is the regression coefficient vector (the value we want to estimate).

iò is the error term (the deviation or noise). 

In matrix form, the equation for all samples is: 
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y X= +ò (2) 

where: 

nyR is the vector of target variables.

n pX R is the feature matrix, where each row represents a sample's features. 

pR is the regression coefficient vector. 

Objective Function: Ordinary Least Squares. OLS seeks to find the regression 

coefficients 𝛽 by minimizing the error between the predicted values and the true 

values. The objective function of OLS is the sum of squared residuals (the squared 

difference between the predicted values and the actual values): 

2

2

1

2
( )OLSJ y X

n
 = − (3) 

where: 

y is the true target values. 

X  is the predicted values from the model.

2

2
y X− is the squared Euclidean distance between the predicted and true 

values.

The goal is to minimize ( )OLSJ   to find the optimal 𝛽. 

By differentiating the objective function and setting the gradient equal to zero, 

we obtain the closed-form solution for OLS: 

1( )T T

OLS X X X y −= (4)
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This formula gives the optimal regression coefficients 𝛽 under OLS. 

2.4.2  Regularization 

Linear regression is simple, but it can be prone to overfitting, especially when 

there is noise in the data or multicollinearity among features. To prevent overfitting, 

we introduce regularization, which adds a penalty term to the objective function to 

constrain the complexity of the model. 

Regularization involves adding an additional term to the objective function to 

penalize large coefficients. The most common regularization methods are Lasso 

Regression and Ridge Regression. 

Lasso regression adds an L1 regularization term, which encourages sparsity in 

the regression coefficients, forcing some of them to be zero and thus performing 

feature selection. The objective function for Lasso regression is: 

2

2 1

1

2
( )LassoJ y X

n
   = − + (5) 

where: 

1 1

p

ii
 

=
= is the L1 norm of the regression coefficients, i.e., the sum of the 

absolute values of all the coefficients. 

λ  is the regularization parameter that controls the strength of the L1 

regularization term. 

Lasso regression encourages some coefficients to become exactly zero, leading 

to feature selection. 
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Ridge regression adds an L2 regularization term to the OLS objective function, 

constraining the size of the regression coefficients. The objective function for Ridge 

regression is: 

 
22

2 2
( )

1

2
RidgeJ y X

n
   = − +  (6) 

where: 

2 2

2 1

p

ii
 

=
=  is the L2 norm of the regression coefficients, i.e., the sum of the 

squares of all the coefficients. 

λ  is the regularization parameter that controls the strength of the L2 

regularization term. 

2.4.3  ElasticNet Regression 

ElasticNet regression combines both L1 and L2 regularization, allowing the 

model to both perform feature selection and prevent overfitting by constraining the 

size of the coefficients. 

The objective function for ElasticNet combines both L1 and L2 regularization 

terms: 

 
2 22

12 1 2
(

1

2 2
)ElasticNetJ y X

n


    = − + +  (7) 

where: 

2

2

1

2
y X

n
−  is the least squares error term, which measures the goodness of fit 

of the model. 

1 1
   is the L1 regularization term, controlling the sparsity of the coefficients 

(feature selection). 
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22

22


  is the L2 regularization term, controlling the size of the coefficients 

(preventing overfitting). 

ElasticNet has two regularization parameters, 1  and 2 , which control the 

strength of the L1 and L2 regularization terms, respectively. In practice, we typically 

use cross-validation to select the optimal values of these parameters, ensuring that the 

model performs well on the validation set. The optimization problem for ElasticNet is 

to minimize the objective function, Numerical optimization methods such as gradient 

descent or coordinate descent are typically used to solve for the optimal 𝛽. 

To sum up, ElasticNet regression is a regularization technique that combines the 

strengths of Lasso regression (L1 regularization) and Ridge regression (L2 

regularization). Its main goal is to prevent overfitting by regularizing the model, 

especially when dealing with multicollinearity or high-dimensional datasets, while 

also performing feature selection for irrelevant variables. ElasticNet's regularization 

strategy makes it an effective choice in many practical problems, particularly when 

there is strong correlation between features. ElasticNet allows for the best of both 

Lasso and Ridge, adjusting the parameters 1  and 2  to achieve an optimal balance 

between feature selection and overfitting prevention. The optimization goal of the 

ElasticNet model is to minimize the objective function, which consists of the loss 

function and the regularization term. 

2.4.4  Summary 

Linear Regression (OLS): The simplest regression method, minimizing the 

sum of squared residuals to estimate the coefficients, yielding the closed-form 

solution 
1( )T T

OLS X X X y −= . 
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Lasso Regression: Adds an L1 regularization term to OLS, encouraging sparsity 

in the coefficients and enabling feature selection. 

Ridge Regression: Adds an L2 regularization term to OLS, preventing the 

coefficients from becoming too large, yielding the closed-form solution 

1( )T T

Ridge X X n I X y  −= +  

ElasticNet Regression: Combines L1 and L2 regularization, balancing feature 

selection and coefficient shrinkage, and is particularly useful for high-dimensional 

data and multicollinearity. 

3.  EXPERIMENTS 

3.1  Dataset 

The selected country is China. The data resource used is from the "Prediction of 

the dynamics of COVID-19 task tutorial" Link2, and the data download address is: 

https://srhdpeuwpubsa.blob.core.windows.net/whdh/COVID/WHO-COVID-19-globa

l-daily-data.csv 

Daily frequency reporting of new COVID-19 cases and deaths by date reported 

to WHO. WHO stopped requiring daily basis data reporting since August 2023 and 

the data presented in this dashboard are weekly frequency. However, a few number of 

countries continues to report at daily frequency which will be updated in this release 

and Users can find the data at daily granularity mainly for early years of the pandemic 

in this statistical release. 

https://srhdpeuwpubsa.blob.core.windows.net/whdh/COVID/WHO-COVID-19-global-daily-data.csv
https://srhdpeuwpubsa.blob.core.windows.net/whdh/COVID/WHO-COVID-19-global-daily-data.csv
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The dataset consists of 8 features, listed from left to right as follows: 

Date_reported, Country_code, Country, WHO_region, New_cases, Cumulative_cases, 

New_deaths, and Cumulative_deaths. 

1) Date_reported: Represents the date. The dates start from January 4, 2020,

and are updated daily.

2) Country_code: Represents the country code. Since the selected country is

China, the country code is CN.

3) Country: Represents the country. This feature is consistently China.

4) WHO_region: Represents one of the six regions defined by the World

Health Organization (WHO), specifically the Western Pacific Region

(WPR). This feature is consistently WPR.

5) New_cases: Represents the number of new infections reported daily.

6) Cumulative_cases: Represents the cumulative number of infections up to

that date.

7) New_deaths: Represents the number of new deaths reported daily.

8) Cumulative_deaths: Represents the cumulative number of deaths up to that

date.

In a separate file cases_per_year.csv, collect statistics of COVID-19 cases from 

January 1, 2024, to September 30, 2024. Use the same resources listed above. 
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3.2  Prediction result 

3.2.1  Experiment design 

Build the model specified in the topic using the resources at scikit-learn. The 

programming language is Python. For each forecast scenario, create charts using the 

matplotlib library. Make conclusions about where the model's error is the lowest and 

on which of the two datasets. 

Forecast for 3 days: 

1) Real data end date: September 27, 2024. 

2) Dates included in the forecast: September 28-30, 2024. 

3) Absolute error: The absolute difference between the real data and the 

model's predicted data for September 30. 

4) Relative error: The percentage ratio of the absolute error to the real data for 

September 30. Relative Error=∣Real Data on September 30−Predicted 

Data on September 30∣/Real Data on September 30×100%. 

Forecast for 5 days: 

1) Real data end date: September 25, 2024. 

2) Dates included in the forecast: September 26-30, 2024. 

3) Absolute error: The absolute difference between the real data and the 

model's predicted data for September 30. 

4) Relative error: The percentage ratio of the absolute error to the real data for 

September 30. 

Forecast for 7 days: 



3. EXPERIMENTS

21 

1) Real data end date: September 23, 2024.

2) Dates included in the forecast: September 24-30, 2024.

3) Absolute error: The absolute difference between the real data and the

model's predicted data for September 30.

4) Relative error: The percentage ratio of the absolute error to the real data for

September 30.

Forecast for 10 days: 

1) Real data end date: September 20, 2024.

2) Dates included in the forecast: September 21-30, 2024.

3) Absolute error: The absolute difference between the real data and the

model's predicted data for September 30.

4) Relative error: The percentage ratio of the absolute error to the real data for

September 30.

Forecast for 14 days: 

1) Real data end date: September 16, 2024.

2) Dates included in the forecast: September 17-30, 2024.

3) Absolute error: The absolute difference between the real data and the

model's predicted data for September 30.

4) Relative error: The percentage ratio of the absolute error to the real data for

September 30.

Forecast for 21 days: 
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1) Real data end date: September 9, 2024.

2) Dates included in the forecast: September 10-30, 2024.

3) Absolute error: The absolute difference between the real data and the

model's predicted data for September 30.

4) Relative error: The percentage ratio of the absolute error to the real data for

September 30.

Forecast for 30 days: 

1) Real data end date: August 31, 2024.

2) Dates included in the forecast: September 1-30, 2024.

3) Absolute error: The absolute difference between the real data and the

model's predicted data for September 30.

4) Relative error: The percentage ratio of the absolute error to the real data for

September 30.

3.2.2  Code implementation 

The selected country is China, and the code to filter the data is shown in Figure 1. 

The code to build the ElasticNet model is shown in Figure 2, and the code to output 

the prediction results is shown in Figure 3. 
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Figure 1  The selected country is China, code to filter the data 
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Figure 2  Build the ElasticNet model 

 

 

Figure 3  output the prediction results 

3.2.3  Real data start date: January 4, 2020 

Real data start date: January 4, 2020, The daily absolute error, Relative error, and 

the average absolute error, average Relative error are shown in Figure 4. The 
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Cumulative cases and predictions over time (the entire period) are shown in Figure 5. 

The Cumulative cases and predictions over time (the last month) are shown in Figure 

6. 

 

Figure 4  The experimental results with Real data start date: January 4, 2020 
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Figure 5  The Cumulative cases and predictions over time (the entire period) 

with Real data start date: January 4, 2020 

 

 

Figure 6  The Cumulative cases and predictions over time (the last month)  

with Real data start date: January 4, 2020 

3.2.4  Real data start date: January 1, 2024 

Real data start date: January 1, 2024, The daily absolute error, Relative error, and 

the average absolute error, average Relative error are shown in Figure 7. The 

Cumulative cases and predictions over time (the entire period) are shown in Figure 8. 

The Cumulative cases and predictions over time (the last month) are shown in Figure 

9. 

In conclusion, the ElasticNet model has the lowest average prediction error on 

the dataset from the Real data start date: January 1, 2024, to the Real data end date: 

August 31, 2024, with an average absolute error of 3,731 people and an average 

relative error of 0.00375%. 
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Figure 7  The experimental results with Real data start date: January 1, 2024 

Figure 8  The Cumulative cases and predictions over time (the entire period) 

with Real data start date: January 1, 2024 
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Figure 9  The Cumulative cases and predictions over time (the last month)  

with Real data start date: January 1, 2024 
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4.  CONCLUSIONS 

4.1  Concluding remarks 

This study explores the dynamic prediction of the COVID-19 pandemic using 

the ElasticNet regression model. With the global spread of COVID-19, traditional 

epidemiological models face significant challenges, mainly due to their difficulty in 

handling high-dimensional data, complex transmission characteristics, and the impact 

of policy interventions. Data-driven approaches, particularly machine learning-based 

modeling techniques, offer a new perspective to address these challenges. The main 

contribution of this study lies in efficiently modeling and accurately predicting the 

spread of COVID-19 using the ElasticNet regression model. 

The ElasticNet regression model combines the advantages of Lasso and Ridge 

regression by integrating L1 and L2 regularization. This allows it to effectively 

handle multicollinearity in high-dimensional data while performing feature selection 

and avoiding model overfitting. The model not only extracts key variables from 

historical epidemic data but also enables dynamic prediction. By modeling the 

COVID-19 data from China, this study conducted predictions over various time 

horizons (e.g., 3 days, 5 days, 7 days, 10 days, 14 days, 21 days, and 30 days) and 

evaluated prediction accuracy and error rates. 

The experimental results indicate that the ElasticNet regression model 

demonstrates strong predictive capabilities when handling COVID-19 data. The 

model accurately reflects the trends of the epidemic in both short-term and long-term 

forecasts. Short-term predictions provide data support for timely adjustments of 

epidemic control measures (such as lockdowns and social distancing), while 

long-term predictions assist governments in making strategic decisions regarding 
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healthcare resource allocation and vaccine distribution, balancing public health and 

economic development. This study also found that prediction errors are closely 

related to data selection and processing methods, and reasonable data preprocessing 

and feature selection are key factors in improving prediction accuracy. Furthermore, 

the regularization mechanism of ElasticNet regression effectively prevents overfitting 

and enhances the model's generalization ability, while the model can adapt to 

dynamic data changes, continually updating as new data arrives, providing real-time 

predictions. 

This study employed the ElasticNet regression model for dynamic COVID-19 

predictions, validating the potential of machine learning methods in epidemic 

forecasting and providing scientific evidence for public health decision-making. 

Although the model still has some limitations, future research could further improve 

prediction accuracy by combining multiple data sources, optimizing the model 

structure, and enhancing adaptability. With advancements in data science, artificial 

intelligence, and public health technologies, epidemic forecasting will play an 

important role in addressing future pandemic challenges. Through global 

collaboration and technological innovation, we are likely to respond more effectively 

to future public health crises. 

However, there are several limitations in this study. First, the quality and 

integrity of data are critical factors influencing the model's accuracy. Second, 

COVID-19 itself is highly uncertain, with its transmission dynamics influenced by 

various factors such as policy interventions, social behavior, and viral mutations, 

which are difficult to fully capture using static models. Finally, this study focused on 

basic epidemic data (such as new and cumulative cases) and did not consider other 

important factors that may influence epidemic transmission, such as social behavior 
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and climate changes. Therefore, future research should optimize the model further by 

incorporating more dimensions of data to improve prediction accuracy. 

4.2  Recommendations for future work 

Although this study successfully predicted the dynamics of the COVID-19 

pandemic using the ElasticNet regression model, addressing the complex challenges 

of epidemic forecasting requires further research and model optimization. Future 

research can be improved and expanded in the following areas: 

1) Multimodal Data Fusion and Model Optimization

This study primarily relied on basic epidemic statistics (such as new cases and 

deaths) for prediction. However, in reality, the spread of the epidemic is influenced by 

a variety of factors, including social behavior, population movement, policy 

interventions, and weather changes. Future research could integrate multiple types of 

data, such as social media data, mobility data, and meteorological data, for 

multimodal data fusion, which would improve prediction accuracy and reliability. By 

considering different data sources, we can better capture the dynamic characteristics 

of epidemic transmission. 

In terms of model optimization, with the development of machine learning and 

deep learning technologies, more complex models, such as deep neural networks 

(DNN)[24], [25] and long short-term memory networks (LSTM)[26], [27], [28], have 

been proposed. While these methods typically require large datasets and significant 

computational resources, they have significant advantages in handling nonlinear 

relationships and time-series data. Future research could explore combining 

ElasticNet with these advanced machine learning methods to build more complex 

hybrid models, further improving prediction performance. 
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2) Enhancing Real-time Data Updates and Model Adaptability

One notable characteristic of the COVID-19 pandemic is its high uncertainty and 

dynamic nature. The spread of the virus is significantly influenced by factors such as 

mutations, policy changes, and shifts in public behavior. Therefore, the real-time 

updating capability of prediction models is crucial. Future research should focus on 

improving the adaptability of models so they can quickly update and adjust 

predictions as new data arrives. To achieve this, real-time data processing and online 

learning technologies will be key areas of focus. Online learning methods based on 

stream data can effectively handle the challenges of large and rapidly changing 

datasets, enabling the model to respond quickly to the evolving epidemic. 

3) Incorporating the Impact of Policy Interventions and External Factors

This study did not fully account for the timing of policy interventions and 

regional policy differences in relation to the spread of the epidemic. However, 

government policies, such as lockdowns, social distancing, and travel restrictions, 

play a critical role in controlling the epidemic. Therefore, future research should 

focus more on the quantification of policy factors within the model. For example, a 

causal model incorporating policy interventions could be constructed to assess the 

impact of various measures on epidemic progression. Additionally, external factors 

such as social behavior (e.g., mobility and gathering patterns) and climate change 

could also influence the spread of the epidemic. These factors should be included in 

the model to improve prediction accuracy. 

4) Cross-Regional and Cross-National Data Sharing and Collaboration

COVID-19 is a global pandemic, and its transmission characteristics vary across 

countries and regions. To better predict the pandemic's progression worldwide, 

cross-regional and cross-national data sharing and collaboration are crucial. By 
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integrating and comparing data from multiple countries, researchers can better 

understand the commonalities and differences in epidemic transmission, thus 

providing scientific evidence for more precise prevention strategies in each country. 

Ensuring data privacy and security during data sharing remains a critical issue that 

needs to be addressed. Therefore, establishing a global data-sharing platform with 

appropriate privacy protection policies will be an important area of focus in future 

epidemic prediction research. 

5) Long-term Public Health Management and Resource Planning

The long-term impacts of COVID-19 are not only reflected in current epidemic 

control but also in the profound effects on global public health systems, economies, 

and societies. Therefore, future research should focus on integrating epidemic 

forecasting with long-term public health management. By forecasting the long-term 

trends of future epidemics, governments can better plan for medical resource reserves, 

vaccine distribution strategies, and be prepared for potential epidemic fluctuations. 

Moreover, epidemic forecasting models can also be used to support post-epidemic 

recovery phases, such as assessing the speed of socioeconomic recovery and 

rebuilding healthcare systems. 
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6  APPENDIX 

import pandas as pd 

import numpy as np 

 

# Read data 

cases_2020 = pd.read_csv('China-total_amount.csv') 

# Data preprocessing 

cases_2020['Date_reported'] = pd.to_datetime(cases_2020['Date_reported']) 

cases_2024 = cases_2020.sort_values(by='Date_reported') 

from sklearn.linear_model import ElasticNet 

 

# Prepare data features and targets 

def prepare_data(data, train_end_date, predict_days): 

    # Filter training data 

    train_data = data[data['Date_reported'] <= train_end_date] 

    X = (train_data['Date_reported'] - 

train_data['Date_reported'].min()).dt.days.values.reshape(-1, 1) 

    y = train_data['Cumulative_cases'].values 

    # Build prediction time 

    last_day = train_data['Date_reported'].max() 
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    predict_dates = [last_day + pd.Timedelta(days=i) for i in range(1, predict_days + 

1)] 

    X_pred = (pd.Series(predict_dates) - 

train_data['Date_reported'].min()).dt.days.values.reshape(-1, 1) 

    return X, y, X_pred, predict_dates 

# Establish an ElasticNet Model and make predictions 

def train_and_predict(data, train_end_date, predict_days): 

    X, y, X_pred, predict_dates = prepare_data(data, train_end_date, predict_days) 

    model = ElasticNet(alpha=0.1, l1_ratio=0.5) 

    model.fit(X, y) 

    predictions = model.predict(X_pred) 

    predictions = [round(pred) for pred in predictions]  # Round to the nearest 

integer. 

    return predict_dates, predictions 

def calculate_daily_errors(data, predict_dates, predictions): 

    # Filter between true and predicted values 

    true_values = 

data[data['Date_reported'].isin(predict_dates)]['Cumulative_cases'].values 

    daily_absolute_errors = abs(true_values - predictions) 
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daily_relative_errors = (daily_absolute_errors / true_values) * 100  # 

Percentage calculation. 

 

    # Calculate the daily average error 

    daily_relative_errors = np.round(daily_relative_errors, 5) 

    # Calculate the average error 

    avg_absolute_error = np.round(daily_absolute_errors.mean(), 5) 

    avg_relative_error = np.round(daily_relative_errors.mean(), 5) 

return daily_absolute_errors, daily_relative_errors, avg_absolute_error, 

avg_relative_error 

 

# Result output 

results = [] 

for days, end_date in zip([3, 5, 7, 10, 14, 21, 30], 

                          ['2024-09-27', '2024-09-25', '2024-09-23', 

'2024-09-20', '2024-09-16', '2024-09-09', '2024-08-31']): 

    predict_dates, predictions = train_and_predict(cases_2020, end_date, days) 

    daily_absolute_errors, daily_relative_errors, avg_absolute_error, 

avg_relative_error = calculate_daily_errors( 

        cases_2020, predict_dates, predictions 

) 
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    results.append({ 

        'Predict the number of days': days, 

        'Predict the number of cases':predictions, 

        'Daily absolute error': daily_absolute_errors, 

        'Daily relative error': daily_relative_errors, 

        'Average absolute error': avg_absolute_error, 

        'Average relative error': avg_relative_error 

    }) 

    results_df = pd.DataFrame(results) 

    results_df.to_csv(f"output2020.csv", index=False) 

    print(f" The prediction results have been saved.") 

    # Print preview of the results 

    print("\n Preview of prediction results:") 

print(results_df.head()) 

 

# Result output 

    #for date, abs_err, rel_err in zip(predict_dates, daily_absolute_errors, 

daily_relative_errors): 
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        #print(f"Date: {date}, Asolute error: {abs_err}, Relative error: 

{rel_err:.5f}%") 

#for result in results: 

    #print(f"Predict the number of days: {result['Predict the number of days']}") 

    #print(f"Average absolute error: {result['Average absolute error']:.5f}") 

    #print(f"Average relative error: {result['Average relative error']:.5f}%\n") 
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import pandas as pd 

import matplotlib.pyplot as plt 

file_path = "2020Data.csv" 

data = pd.read_csv(file_path) 

data['Date_reported'] = pd.to_datetime(data['Date_reported']) 

last_month_start = data['Date_reported'].max() - pd.Timedelta(days=45) 

last_month_data = data[data['Date_reported'] >= last_month_start] 

plt.figure(figsize=(12, 6)) 

#plt.plot(data['Date_reported'], data['Cumulative_cases'],label='Actual') 

#plt.plot(data['Date_reported'], data['3days predictions'], label='3 Days Predictions') 

#plt.plot(data['Date_reported'], data['5days predictions'], label='5 Days Predictions') 

#plt.plot(data['Date_reported'], data['7days predictions'], label='7 Days Predictions') 

#plt.plot(data['Date_reported'], data['10days predictions'], label='10 Days 

Predictions') 

#plt.plot(data['Date_reported'], data['14days predictions'], label='14 Days 

Predictions') 

#plt.plot(data['Date_reported'], data['21days predictions'], label='21 Days 

Predictions') 
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#plt.plot(data['Date_reported'], data['30days predictions'], label='30 Days 

Predictions') 

prediction_columns = ['Cumulative_cases', 

    '3days predictions', '5days predictions', '7days predictions', 

    '10days predictions', '14days predictions', '21days predictions', 

'30days predictions',] 

for col in prediction_columns: 

    prediction_values = last_month_data[col].dropna() 

    prediction_dates = last_month_data['Date_reported'][:len(prediction_values)] 

    plt.plot(prediction_dates, prediction_values, label=col) 

plt.title('Cumulative Cases and Predictions Over Time', fontsize=16) 

plt.xlabel('Date Reported', fontsize=12) 

plt.ylabel('Cumulative Cases / Predictions', fontsize=12) 

plt.legend(loc='upper left') 

plt.xticks(rotation=45) 

plt.grid(True) 

plt.tight_layout() 
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plt.show() 
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