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ABSTRACT: Variants of SARS-CoV-2 continue to put stress on economies and healthcare worldwide. Governments are 
trying to take necessary steps to slow down the dynamic transmission of variants. In order to find out the potential key factors that 
drive the spread of variants, like demographics, health, lockdown, and vaccine-related factors, I proposed a study based on machine 
learning (ML) methodologies to construct predictive models. Those models revealed and ranked possible discriminatory features. 
What’s more, as stated by The World Bank, since the shortage of vaccines is a major problem for the whole world, lockdown 
policies remain a significant part of the comprehensive strategy. Thus, I attempted to conduct regression analysis to find out the key 
pre-lockdown factors that could help maximize the effectiveness of lockdowns. This study seeks to figure out the discriminatory 
factors of variants and to guide strategies for combating variants based on those findings. Additionally, it provides guidance on the 
rollout of vaccines and how to maximize the efficacy of lockdowns to slow down the spread of variants of SARS-CoV-2.

KEYWORDS: Systems Software; Machine Learning; SARS-CoV-2; Variants, Spread; Policymaking.

� Introduction
The coronavirus disease 2019 (COVID-19), which is 

caused by the severe acute respiratory syndrome coronavirus 
2 (SARS-CoV-2), has spread worldwide since the first 
known case was identified in December 2019.¹ On March 
11, 2020, the World Health Organization (WHO) declared 
it as a pandemic.¹ At the time of writing, almost 200 million 
global cases have been confirmed and more than 4.23 million 
deaths have been reported according to the database of Johns 
Hopkins University.² The pandemic is not only a global health 
crisis, but has also caused unprecedented economic losses due 
to loss of life, business lockdowns, tourism disruptions, and 
reduced trade. It was estimated by the WHO that, due to 
the economic depression caused by the pandemic, nearly 820 
million people are undernourished.³ 

Currently, there are two major strategies to handle the 
pandemic. The first strategy is based on the approved 
vaccines. For example, four COVID-19 vaccines (Moderna, 
Pfizer, Johnson & Johnson and AstraZeneca) have been 
authorized by Sweden.⁴ Because of their high effectiveness, 
they are believed to be significant in halting the pandemic. 
For instance, the vaccine effectiveness of Pfizer is about 86% 
among the general adult population in Sweden.⁵ The second 
strategy is national or regional lockdowns. At the beginning of 
the pandemic, lockdown efforts and social distancing were the 
major strategies for governments to handle the spreading of 
SARS-CoV-2 due to lack of efficient therapeutic treatments 
and vaccination strategies. Generally, the lockdown strategy 
works by cutting off the channels of transmission in the 
pandemic. Admittedly, these efforts mitigated the global 
health crisis to some extent. However, unprecedented 
economic losses were caused by those lockdown efforts, 
like business shutdowns, tourism disruptions, and reduced 

trade. Usually, most governments, like the U.S., preferred 
to lockdown nationally or regionally at the beginning of 
the pandemic to earn time for the development of vaccines. 
After the majority get vaccinated, governments are expected 
to handle the pandemic by building up herd immunity and 
reopening their countries.

Besides those two strategies, other demographic or social 
factors may curb the pandemic as well. Satyaki Roy applied 
several supervised machine learning algorithms and found 
that population density, testing numbers, and airport traffic 
emerge as the most discriminatory factors which affect 
COVID-19 infection rates.⁶ Apart from that, Hannah et al. 
indicated that males are more likely to get COVID-19 than 
the female group according to meta-analysis,⁷ which implies 
that gender may be a factor. Also, people with diabetes 
mellitus tend to have a higher chance to get infected.⁸ All in 
all, because COVID-19 is relatively new to the whole world, 
it is still unknown what are the most efficient strategies to 
halt its spread. Fortunately, these strategies above flattened 
the pandemic curve successfully. Take the U.S. as an example. 
Thanks to the lockdown and vaccination, the three hundred 
thousand new cases per day in early Jan 2021 decreased to six 
thousand daily in 5 months.⁹

However, most countries in the world are experiencing 
another resurgence which is driven by variants of SARS-
CoV-2. There are four kinds of variants of concern (Table 1). 
They are believed to be highly transmissible which increases 
hospitalizations and lead to higher mortality.¹⁰ Thus, the 
emergence of the new variants posits several new problems 
to the current preventive strategies for global public health. 

The first problem is that we need to create new models to 
determine how the mutations drive the transmissibility of 
SARS-CoV-2. In other words, we must examine if the 
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previously established discriminatory factors, like gender and 
population density, are still critical in the transmissibility of 
the variants.

Secondly, it is significant for us to demonstrate the efficacy 
of current vaccines in the context of the new model. As 
shown in Table 1, there are mutations in the variants forming 
the basis of current vaccines, like the Alpha variant. So, 
those mutations will likely affect the efficacy of vaccines. 
For example, the AstraZeneca vaccine was deemed to be 
only 66% effective against the Alpha variant and 66% 
effective against the Delta variant after the second dose.¹¹ 
As a result, the reduced effectiveness will in return affect 
our current strategies which are mainly based on the high 
efficacy of vaccines. One of the questions most countries are 
facing is whether we need to lockdown again. In May 2021, 
several European countries started their new lockdown due 
to the variants at the cost of economic revival while some 
countries, like Norway, kept opening without regard to the 
quick spread of variants. Due to the shortage of scientific 
strategies, all governments are struggling in finding a balance 
between controlling the pandemic and reopening businesses. 
Therefore, a new model should be created to evaluate the 
effects of vaccines and lockdowns on the infection rates of 
variants to inform lockdown-vaccine-related policymaking.

Thirdly, identifying the pre-lockdown features which could 
greatly reduce the post-lockdown infected rates is extremely 
critical for some areas where they have limited number of 
vaccines and where lockdowns appear to be inevitable. WHO 
indicates that in parts of the third world, only less than 1% 
of the populations get vaccinated.¹² The low vaccination 
rate implies the importance of lockdowns to slow down the 
spreading of variants. So, national administrations should try 
to enhance the effectiveness of lockdowns by controlling the 
meaningful pre-lockdown features. A new model could help 
with figuring out those beneficial pre-lockdown features.

COVID-19 models are created using machine learning 
(ML) techniques and are used to predict the spread dynamics 
of COVID-19 successfully. Zoabi et al. analyzed 51,831 
COVID-19 patients to study the effect of demographic 
factors, like gender, age, and social interactions on the 
transmissibility of COVID-19 and concluded that close 
social interactions are critical to the spreading based on ML 
approaches.¹³ Satyaki Roy et al. applied several supervised 
ML approaches to examine the datasets of each U.S. state 

and they determined population density, testing rates, 
and airport traffic emerge as the discriminatory factors for 
their forecasting models.⁶ Khan et al. used regression tree, 
cluster analysis, and principal component analysis (PCA) 
methodologies in their studies.¹⁴ However, rare ML models 
for the purpose of predicting the variants of SARS-CoV-2 
have been created or reported so far. Therefore, I hypothesize 
that discriminatory factors influencing the infection rates 
of the variants of COVID-19 could be identified by ML 
approaches.
 While more and more knowledge about the spreading 
characteristics of COVID-19 have been investigated, there 
is no comprehensive study focusing on that of the variants. 
To solve this gap, I conducted this analysis and attempted to 
create prediction models utilizing ML technologies. In this 
study, I made use of datasets collected from the European 
Union (EU) and the European Economic Area (EEA). 
There are several reasons why I selected those 30 countries as 
my samples. The most important reason is that all those 30 
countries are experiencing the spread of the four main types of 
variants. The data was collected from the 40th week of 2020 
to the 16th week of 2021. During the 29 weeks, EU/EEA was 
experiencing a typical period: from the emergence of variants, 
followed by starting vaccination, then encountering another 
resurgence caused by variants. However, their anti-epidemic 
measures were not the same. They were distributing different 
types of vaccines. Also, some countries avoided re-lockdown 
while some countries kept lockdowns throughout the entire 
29 weeks. Besides, an agency of the EU called European 
Centre for Disease Prevention and Control is tracking and 
monitoring the COVID-19 pandemic and building up 
concrete and accurate datasets.¹⁵ So, my models and analysis 
would be more convincing if they are based on these official 
datasets.

In this study, I attempted to achieve the following objectives. 
1.Developing ML models to predict the discriminatory 

factors which drive the transmissibility of variants. I selected 
several candidates to be examined in this study based on 
previous studies. All candidates have been demonstrated to 
be discriminatory factors influencing the previous infection 
rates of COVID-19. I tried to test to determine if they are 
still critical in the models of variants. 

2.Determining the effects of lockdowns and vaccinations 
on the infection spread dynamics of variants in the EU/EEA. 
This will guide further policymaking. If either vaccinations or 
lockdown measures could be demonstrated to weigh more on 
controlling the pandemic of variants, the governments could 
adjust their anti-epidemic measures based on this study. 

3.Analyzing the critical pre-lockdown factors which 
influence the post-lockdown infection rate to guide 
policymaking. This objective is essential for those countries 
that do not have enough vaccines and where lockdown is the 
first option to minimize the new variant cases.

Here I tried to address these issues by using five different 
ML structures and analyzing their performances. Compared 
with previous research, this is the first research to evaluate the 
feasibility of vaccination and lockdown policies for 

Table 1: Characteristics of four kinds of variants of concerns.
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● Hospital_beds_per_thousand: This index represents 
the number of hospital beds per thousand people in the 
country. (source: https://www.kaggle.com/codesagnik/latest-
coronavirus-world-tracker?select=owid-covid-data.xlsx)
● Diabetes_prevalence: This is measured by the 

percentage of the population that have diabetes. (source: 
https://www.kaggle.com/codesagnik/latest-coronavirus-
world-tracker?select=owid-covid-data.xlsx)
● Lockdown_date: The date of imposition of lockdown 

at the national level between the 40th week of 2020 to the 
16th week of 2021. The lockdown date was obtained from 
the websites of the official institutions of each country.
● Lockdown_start_from: This attribute shows the 

difference in days from the 40th week of 2020 to the week of 
imposition of lockdown at the national level. 
● Total_vaccinations: The data is from Kaggle 

which represents the number of total immunizations in 
the country. The owner collected data from Our World in 
Data GitHub repository for covid-19 every day.²⁰ (source: 
https://www.kaggle.com/gpreda/covid-world-vaccination-
progress?select=country_vaccinations_by_manufacturer.csv)
● Johnson&Johnson, Pre_Johnson, Post_Johnson: John-

son&Johnson represents the total number of immunizations of 
the JNJ-78436735 by Janssen Pharmaceuticals Companies of 
Johnson & Johnson. This data is from the same dataset as To-
tal_vaccinations. Pre_Johnson and Post_Johnson represents the 
total number of immunizations of the Johnson & Johnson’s 
Janssen COVID-19 vaccine in the country before the lock-
down date and after the lockdown date respectively. These 
two features are collected from Kaggle. (source: https://www.
kaggle.com/gpreda/covid-world-vaccination-progress?se-
lect=country_vaccinations_by_manufacturer.csv)
● Moderna, Pre_Moderna, Post_Moderna: Moderna 

represents the total number of immunizations of the 
mRNA-1273 by ModernaTx, Inc. This data is from the 
same dataset as Total_vaccinations. Pre_Moderna and Post_
Moderna represent the total number of immunizations of the 
Moderna vaccine in the country before the lockdown date 
and after the lockdown date respectively. These two features 
are collected from Kaggle. (source: https://www.kaggle.com/
gpreda/covid-world-vaccination-progress?select=country_
vaccinations_by_manufacturer.csv)
● Oxford/AstraZeneca,Pre_AstraZeneca, Post_Astra-

Zeneca: Oxford/AstraZeneca represents the total number of 
immunizations of the AZD1222 vaccine by AstraZeneca-Ox-
ford. This data is from the same dataset as Total_vaccinations.  
Pre_AstraZeneca and Post_AstraZeneca represent the total num-
ber of immunizations of the AstraZeneca vaccine in the country 
before the lockdown date and after the lockdown date respec-
tively. These two features are collected from Kaggle. (source: 
https://www.kaggle.com/gpreda/covid-world-vaccina-
tion-progress?select=country_vaccinations_by_manufacturer.
csv)
● Pfizer/BioNTech,Pre_Pfizer, Post_Pfizer: Pfizer/

BioNTech represents the total number of immunizations of 
the BNT162b2 by Pfizer,inc. and BioNTech. This data is 
from the same dataset as Total_vaccinations. Pre_Pfizer and 
Post_Pfizer represent the total number of immunizations of 

controlling the variants of COVID-19 and to guide further 
policymaking.
�   Dataset
The dataset used in this study contains diverse attributes 

from 30 countries in the EU/EEA. Most of those attributes 
were demonstrated to be discriminatory factors which drive 
the transmissibility of COVID-19 in previous studies. 
Besides, this dataset is quite unique. Data for different 
features were integrated from diverse open sources which have 
been carefully curated. Last but not least, all data has been 
preprocessed using Pandas, which is a powerful open-source 
data manipulation tool in Python. This dataset is available 
on GitHub (https://github.com/mmm-y/covid-19virus.git). 
I will introduce all features in the following section in detail.

Features Description:
● Population (2020), Male, Female: Population 

(2020) is the population in 2020. And Male and Female 
stand for the male and female population of each country 
in 2020 respectively. (source:https://www.statista.com/
statistics/611318/population-of-europe-by-country-and-
gender/)
● Male%, Female%, Gender：Male% and Female% are 

the proportion of male and female among the whole pop-
ulation. Male%=Male/Population (2020). Female%=Female/
Population (2020). Also, Gender is the ratio between the pop-
ulation of males and females.
● Urban%: Urban% is the fraction of urban population 

and total population in 2020. (source:  https://www.kaggle.
com/tanuprabhu/population-by-country-2020)
● GDP：GDP stands for Gross Domestic Product in 

2020 (million US dollars). The source is the World Bank. 
(source: https://data.worldbank.org/indicator/NY.GDP.
PCAP.CD)
● GDP_per_capita: GDP_per_capita stands for Gross 

Domestic Product per capita in 2020 (US dollars). The 
source is the World Bank. (source: https://data.worldbank.
org/indicator/NY.GDP.PCAP.CD)
● Extreme_poverty: This refers to the fraction of the 

total population with an income below the international 
poverty line of 1.90 dollars per day. (source: https://
www.kaggle.com/codesagnik/latest-coronavirus-world-
tracker?select=owid-covid-data.xlsx)
● Land Area: This attribute is the land area in each 

country (square kilometer) (source: https://www.kaggle.com/
tanuprabhu/population-by-country-2020)
● Population Density: Population Density stands for 

the density of the population and its unit is People/Km²
● Med_age: This feature represents the median age 

lifespan of the country (source:  https://www.kaggle.com/
tanuprabhu/population-by-country-2020)
●	 Health_care_index: This is an estimation of the 

overall quality of the health care system, including equipment, 
professionals, doctors, staff and so on. A higher index indicates 
better quality of the health care system in a particular country. 
(source: https://www.numbeo.com/health-care/
rankings_by_country.jsp?title=2021-mid&region=150)
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the Pfizer vaccine in the country before the lockdown date 
and after the lockdown date respectively. These two features 
are collected from on Kaggle. (source: https://www.kaggle.
com/gpreda/covid-world-vaccination-progress?select=coun-
try_vaccinations_by_manufacturer.csv)
● Sputnik V, Pre_Sputnik, Post_Sputnik: Sputnik V rep-

resents the total number of immunizations of the Sputnik V 
vaccines by the Gamaleya Research Institute of Epidemiol-
ogy and Microbiology in Russia. This data is from the same 
dataset as Total_vaccinations. Pre_Sputnik and Post_Sputnik 
represent the total number of immunizations of the Sput-
nik V vaccine in the country before the lockdown date and 
after the lockdown date respectively. These two features are 
collected from Kaggle. (source: https://www.kaggle.com/
gpreda/covid-world-vaccination-progress?select=country_
vaccinations_by_manufacturer.csv)
● Sinopharm/Beijing,Pre_Sinopharm,Post_Sinopharm:

Sinopharm/Beijing represents the total number of immu-
nizations of the BIBP vaccine, which is inactivated virus 
COVID-19 vaccines by Sinopharm’s Beijing Institute of 
Biological Products. This data is from the same dataset as To-
tal_vaccinations. Pre_Sinopharm and Post_Sinopharm represent 
the total number of immunizations of the BIBP vaccine before 
the lockdown date and after the lockdown date respectively. 
These two features are collected from Kaggle. (source: https://
www.kaggle.com/gpreda/covid-world-vaccination-pro-
gress?select=country_vaccinations_by_manufacturer.csv)
● People_fully_vaccinated_per_hundred: This index rep-

resents the number of people who got fully vaccinated per 
hundred in the country. (source: https://www.kaggle.com/
codesagnik/latest-coronavirus-world-tracker?select=ow-
id-covid-data.xlsx)
● People_vaccinated_per_hundred: This index rep-

resents the number of people who get at least one dose of 
the COVID-19 vaccine per hundred in the country. (source: 
https://www.kaggle.com/codesagnik/latest-coronavi-
rus-world-tracker?select=owid-covid-data.xlsx)
● Total_variants, Pre_variants, Post_variants: Total_

variants shows the total number of variants confirmed in the 
EU/EEA country. This data is from European Centre for 
Disease Prevention and Control (ECDC). Pre_variants and 
Post_variants represent the number of variants confirmed 
before the lockdown date and after the lockdown date 
respectively. These two features are collected from ECDC. 
(source: https://www.ecdc.europa.eu/en/publications-data/
data-virus-variants-covid-19-eueea)
● B.1.1.7_variants, Pre_B_1_1_7, Post_B_1_1_7:

B.1.1.7_variants indicates the total number of Alpha vari-
ants confirmed in the EU/EEA country. This data is from the
ECDC. Pre_B_1_1_7 and Post_B_1_1_7 represent the num-
ber of Alpha variants confirmed before the lockdown date and
after the lockdown date respectively. These two features are
collected from ECDC. (source: https://www.ecdc.europa.eu/
en/publications-data/data-virus-variants-covid-19-eueea)
● B.1.351_variants, Pre_B_1_351, Post_B_1_351:

B.1.351_variants indicates the total number of Beta variants
confirmed in the EU/EEA country. This data is from the

ECDC. Pre_B_1_351 and Post_B_1_351 represent the num-
ber of Beta variants confirmed before the lockdown date and 
after the lockdown date respectively. These two features are 
collected from ECDC. (source: https://www.ecdc.europa.eu/
en/publications-data/data-virus-variants-covid-19-eueea)
● P.1_variants, Pre_P_1, Post_P_1: P.1_variants indi-

cates the total number of Gamma variants confirmed in the 
EU/EEA country. This data is from the ECDC. Pre_P_1 and 
Post_P_1 represent the number of Gamma variants confirmed 
before the lockdown date and after the lockdown date respec-
tively. These two features are collected from ECDC. (source: 
https://www.ecdc.europa.eu/en/publications-data/data-virus-
variants-covid-19-eueea)
● Other_variants, Pre_other_variant, Post_other_vari-

ant: Other_variants indicates the total number of variants 
except from Alpha, Beta and Gamma variants confirmed in 
the EU/EEA country. This data is from the ECDC. Pre_oth-
er_variant and Post_other_variant represents the number of 
variants except Alpha, Beta and Gamma variants confirmed 
before the lockdown date and after the lockdown date respec-
tively. These two features are collected manually from ECDC. 
(source: https://www.ecdc.europa.eu/en/publications-data/
data-virus-variants-covid-19-eueea)
● Peak_infected_week, Peak_infected_cases: Peak_infect-

ed_cases measures the number of variants at the infected peak. 
Peak_infected_week shows the difference in weeks from the 
40th week of 2020 to the week the peak was reached. Data is 
collected from the ECDC and rearranged manually. (source: 
https://www.ecdc.europa.eu/en/publications-data/data-virus-
variants-covid-19-eueea)
● Total_tests, Pre_tests, Post_tests: Total_tests measures

the test number during those 29 weeks. Pre_tests and Post_tests 
represents the test number before lockdown and after lock-
down respectively. (source: https://www.ecdc.europa.eu/en/
publications-data/data-virus-variants-covid-19-eueea)

Data Description:
A summary statistic description of the above data is shown 

below (Table 2):

Table 2: Summary of features and their statistics. The features shown in 
Table 2 will be used to build the ML models.
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Data Pre-processing:
There are null values for the following attributes: John-

son&Johnson, Moderna, Sputnik V, Oxford/AstraZeneca, Pfizer/
BioNTech and Sinopharm/Beijing in Norway and Greece. I re-
placed the null values with the mean value of the respective 
columns. 

Additionally, when building the ML models, the feature val-
ues will be preprocessed by StandardScaler in the Scikit-learn 
library. The StandardScaler will transform all values so that the 
distribution of the data will have a mean value 0 and standard 
deviation of 1. This is required prior to model fitting is because 
there are diverse variables at different scales, and those vari-
ables will cause a bias to the models because of their unequal 
contributions.
�   Methods
In this study, I created ML models in the context of the 

regression algorithm, including support vector regression 
(SVR), multiple regression (MR), decision tree regression 
(DTR), random forest regression (RFR), and Bayesian 
regression (BR). All models were constructed using the Scikit-
learn library. The regression problem was to forecast the target 
label based on existing data. It trained a learner/model based 
on a training dataset. Then, the model automatically found a 
corresponding rule to map the input to its output. 

Support Vector Regression (SVR)21:
Theoretically, the input dataset to train the SVR model is 

usually non-linear with respect to its labels (the output). Take 
our dataset X as an example, it has several input features (N), 
like the Total vaccine, Urban% and so on. It also has several 
instances (M), like Norway, Greece and so on. So, X is formed 
with a N x M matrix and an output column yi, where yi 
represents the total case number of variants. Obviously, it is 
hard to build a linear relationship between the input matrix 
(N x M) with respect to yi. 

So, how can SVR models help us to dig the relationship 
rather than the non-linear relationship? Generally, the 
successfully trained SVR model means to map the input 
features into a higher dimensional space by a mapping 
function. There are several mapping functions with the kernel 
function being the most used. These include polynomial 

kernel functions, radial basis kernel functions, and multi-layer 
perceptron kernel functions. Then in the higher dimensional 
space, we are expected to find a linear regression function 
f(x) between the projected input and output, and f(x) could 
predict the output of an unknown object. To be more specific, 
in our study, X will be projected onto a hyperplane by a kernel 
function. In this hyperplane, a linear regression function f(x) 
could be found and used to predict the yi of an unknown 
object.

Multiple Regression (MR)27:
A limit of linear regression is that it can only be trained by 

a dataset with one dependent variable and one independent 
variable (One-One structure). However, there are several in-
dependent variables, like the Total vaccine and Urban%, in our 
dataset which forms a N-One structure. So, one of the solu-
tions is to use multiple regression. 

Understanding the formula of the MR equation is a good 
way to illustrate the purpose of MR, which is shown below:

X0=β1 X1+β2 X2+β3 X3+β4 X4+...+βn Xn+α, where X0 de-
notes the dependent variable, β’s denote the coefficients for 
the different independent variables (X’s) and α is an error term 
suggesting the random sampling noise.

As an example, Total variants is our dependent variable as 
X0 in our study. It probably depends on the first independent 
variable Urban% as X1, and the second independent variable 
Diabetes prevalence as X2, and so on. The formula chain will 
keep going as more and more independent variables are add-
ed. Each independent variable has their coefficients to indicate 
the weight they contribute to the MR equation. So, based on 
the equation, the objective of the MR equation is to fit a hy-
perplane to the training dataset based on several independent 
variables (like the Urban%, Diabetes prevalence and so on) with 
different weights. As a result, when a new data point is added, 
we can predict the output (like the number of infection) based 
on the independent variables of it.

Decision Tree Regression (DTR)27:
The decision tree algorithm is based on a tree-like struc-

ture, which consists of a root node, internal nodes/splits, and 
terminal nodes/leaves. A typical structure of the decision tree 
is shown in Figure 1. Generally, decision tree structures could 
represent a disjunction of conjunctions of constraints on the 
features of instances. For example, in Figure 1, Li represents 
‘constrain 1(fh <th) ∪constrain 2 (fi<ti) ∪ constrain 3(fk<tk)’, 
in which this decision tree structure splits a complicated de-
cision into a disjunction of simpler decisions (like constrain 
1∪constrain 2 ∪constrain 3) and each of the simpler decisions 
(like constraint 1) could be in a conjunction form, like an “∩” 
relationship. When the leaf nodes or our target variables are 
discrete values, like class attributes, it is called a decision tree 
classification. And when the leaf nodes are continuous values, 
like this COVID-19 variants dataset, it is called a decision tree 
regression.

Basically, how DTR works is to split the space of the origi-
nal dataset into several sub-spaces by the DTR model. Then, 
when a new data point is predicted by the DTR, it will assign 
this new point into the split space to make forecasting. A good 
example is cited from Georgios Drakos et al.²⁹ Each of the 
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instances or data points in the dataset in Figure 2 has two in-
dependent variables (X1 and X2) and a target variable which are 
continuous values, although there are only 2 values to simplify 
the situation. The blue point represents 1 and the red point 
represents 0. Based on the original dataset, the DTR model 
was created in Figure 2.a, and the split sub-space is shown in 
Figure 2.b. The value of each leaf is the average value of each 
subspace. So, when a new data point, like (0.38,0.5), is predict-
ed by the model, it will be predicted as 0.3333. For my dataset, 
each instance has five independent features (more details could 
be found in 5 results) and the target variable is continuous val-
ue, which is the number of confirmed cases of variants in each 
country in the defined time frame. The trained DTR model 
will split the whole dataset into several sub-spaces (leaves) and 
the value of each leaf is the mean value of the corresponding 
subspace. As a result, when a new data point comes, the target 
variable could be predicted by this trained DTR.

It was shown that the root node contains the entire sample. 
Each node could make binary or multiple decision to split the 
dataset within the node into two or more classes. The whole 
splitting process will keep going until the algorithm reaches 

the leaf nodes.
Random Forest Regression (RFR)30:
A big problem in the decision tree regression model is over-

fitting. To address it, I will try random forest regression which 
uses ensemble learning methods in this study. The simulation 
of RFR is shown in Figure 3. The RFR will create several in-
dependent decision regression models based on subsampling 
of the entire dataset. The sampling process is conducted at a 
random and replacement manner. Finally, each decision tree 
regression will make a prediction and the final prediction is 
based on the average values of all predictions. In other words, I 
will select several groups of the training dataset randomly and 
create more DTR models in the way I discussed in 3.3. So, each 
model will have an output indicating the predicted number of 
confirmed cases of variants. The final decision will be made 
based on the average predictions of all DTR models. 

Bayesian Regression (BR)32:
To illustrate BR, some background knowledge is crucial.
Multiple regression:
First, let us recall the multiple regression in 3.2. Take our 

dataset X as an example, X is in the form of {xi,yi}, where xi

represents the input variables (like the Urban%, Diabetes 
prevalence and so on), yi is the target labels (like the number 
of infection), and i is the index of the instance in the X. Then, 
a linear regression model could be created based on X, and the 
best model parameters could be set by minimizing the cost 
function. Finally, it could be used to forecast the predictive 
value wt (like the number of infection), given any input 
variable xt.  
A mathematical explanation for this linear regression 
model could be expressed as Y=X0=β1 X1+β2 X2+β3 X3+β4
X4+...+βn Xn+α, where X0 denotes the dependent variable, 
β’s denote the coefficients for the different independent 
variables (X’s) and α is an error term suggesting the random 
sampling noise. The objective is to find β’s to fit a multiple 
linear function to minimize the sum of the square error 
between the predictive value and the target value.

Bayes Theorem:
Given the dataset X and each created model represents a 

corresponding hypothesis, there are various hypotheses that 
could be created based on X. Our objective is to find the most 
probable hypothesis (h) fit to X. The Bayes Theorem could be 
shown as a mathematical formula as well:

In this equation, P(h) is called the prior probability of h, 
which represents the initial probability that h holds before we 
have observed X. P(X) is the prior probability that X will be 
observed. P(X|h) is the likelihood of the data X given h. We 
are looking for P(X|h), which is the probability of h given X 
and is called the posterior probability.

Figure 1: A typical decision tree structure28.

Figure 2: The relationship between DTR structure and its visualization.29 

Figure 3: A simulation of the RFR.31
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For my understanding, this Bayes theorem could be 
organized into:

Therefore, I am looking for the model with maximized 
posterior probability given our training dataset X.

Bayesian Ridge Regression:
Then, we are looking for the coefficient vector β’s which 

minimizes the loss function. 
Consider the probability distributions of y, y|X,β ~ N(βTX-

σ²I), where y is the response feature distribution, N represents 
that the conditional is Gaussian distributed, βTX represents 
the conditional expectation in ML, and σ²I represents the ho-
moscedastic variance. In this equation, β is the fixed unknown 
vector to be estimated. 

Furthermore, if we consider the posterior distribution of β
which is also known as maximum a posteriori (MAP) is β=arg-
max(y-Xβ)T (y-Xβ)+λ| |β||²₂ where=σ²/τ² . In this study,
I will create a Bayesian linear regression model based on this 
equation.
� Evaluation
The evaluation criteria are significant after creating the 

models. For regression problems, I used two evaluation 
indicators: the coefficient of determination (R²) and Pearson 
Correlation Coefficient (PCC).

Coeff icient of determination (R2):
R² is to determine the percentage variation in the dependent 

variable that can be explained by other independent variables 
within a range from 0 to 1.²² It suggests how many data 
points fall within the regression model. A formula of R² in 
mathematics is more straightforward.

The formula for R² is²²:

To be more specific, R² represents if the total number of 
variants (yi) owns a direct relationship to other feature variables 
(X), like vaccines. If R² is 0%, then it means 0% of the variation 
in yi can be explained by X or it means none of the data fall 
within the regression model. Also, if R² is 100%, then it means 
100% of the variation in yi can be explained by X or it means 
all the data fall within the regression model. An ideal model 
prefers the R² closer to 100%. Additionally, R² can be negative. 
The negative R² in our model means this model is a poor fit for 
X or this model cannot set an intercept.²²

Although it is hard to visualize how data is fitted into the 
regression model on a space more than 3 dimensions, there is 
a good example by John McDonal to show the relationship 
between R² and linear regression²³ which can be better 
understood (Figure 4). 

Pearson Correlation Coeff icient (PCC):
PCC measures how closely the two variables are related. 

PCC can be either positive or negative to indicate a positive 
or negative correlation respectively. The absolute value of PCC 
suggests the degree of correlation with a range from 0 to 1 
inclusive (Figure 5). One is the strongest correlation and zero 
is the weakest correlation (Table 3). 

Consider there are two sets of data (x column and y column), 
and each set has n items. Mathematically, we attempt to 
measure their correlation by the equation below, which means 
the “covariance of two variables divided by the product of their 
respective standard deviations”²⁵:

� Results
The parameter values for all ML models are shown in Ta-

ble 4. The set of features to create the ML models are Gender, 
Urban%, GDP_per_capita, Extreme_poverty, Population_Den-
sity, Med_age, Health_care_index, Hospital_bed_per_thousand, 
Diabetes_prevalence, Lockdown_start_from, Total_vaccine, John-
son&Johnson, Moderna, Oxford/AstraZeneca, Pfizer/BioNTech, 
Sputnik V ,Sinopharm/Beijing, People_fully_vaccinated_per_
hundred, People_vaccinated_per_hundred, Peak_infected_week,  
Peak_infected_cases and Total_tests. The target value is the 
number of confirmed cases of variants in each country in the 
defined time frame.

Identif ication of the key factors:
The objective of this section is to identify the factors 

that influence the spread of variants. I found all possible 
combinations (C22⁵=26334) of any five features as the feature 
subset from the whole feature set. To avoid bias, every possible 
feature subset was used to build each ML model 5 times and 
the PCC and R² will be calculated each time. For example, 
subset Gender，Urban%，GDP_per_capita, Extreme_poverty and 

Figure 4: The relationship between R2 and linear regression.23 
It was shown that the data will fit the linear regression model better with a 
higher R2.

Table 3: The relationship between the degree of correlation with the 
absolute value of Pearson correlation.26

Figure 5: The relationship between Pearson correlation and linear 
regression.26 

It was shown that the data will fit the regression model better with the 
absolute value of Pearson correlation closer to 1. And the positive and negative 
sign imply the direction of the relationship.
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Identify the key factors:
Firstly, every feature was transformed into percentiles with 

respect to their respective column. After that, I sorted all coun-
tries in decreasing order based on Post_variants. The top 5 and 
the bottom 5 countries are shown as a sample in Figure 8.

Then, I selected the top 10 and the bottom 10 countries 
and used the formula from Satyaki Roy et al. to calculate the 
weighted average percentile of their features.⁶ The formula is 
shown below:

where p(fi) and p(fi) are the rank and the percentile of the 
ith feature value, and r is the total number of countries in EEA 
(r=30 here). 

I assumed that for the top and bottom 10 countries, the key 
factors affecting the spread of variants post-lockdown will show 
the maximum difference in the weighted average percentiles. I 
plotted the difference in Figure 9. It suggests that Diabetes_
prevalence, Lockdown_start_from, Urban% and Pre_tests are the 
top four key factors.

Population_Density will be used to create an SVR model 5 
times with 5 different values of PCC and R². Then the mean 
values and the standard deviation of those 5 PCCs and R²s 
will be calculated. For each model, I selected the feature subset 
which yielded the best performance. The results are shown in 
Table 5.

Ranking the key factors:
In this section, I applied the extra tree classifiers to rank 

the features based on impurity. Different features and their 
impurity are shown in Figure 7. It shows Diabetes_prevalence, 
Hospital_bed_per_thousand and Lockdown_start_from are the 
most important three features. Med_age, Moderna and Total_
vaccine follows as their impurities are extremely close to each 
other. Then, the next echelon are Peak_infected_cases, Pfizer/
BioNTech and Total_test. The last group includes Johnson&-
Johnson, Sputnik V and Sinopharm/Beijing.

Table 4: Values of parameters of all ML models.

Table 5: For each model, the feature subsets yielded the best result.

Figure 7: Ranking the key factors affecting the spreading of variants based 
on impurity.

Figure 8: A sample of the top 5 and bottom 5 countries based on the Total_
variants in decreasing order. For each country, their respective features were 
transformed into percentiles with respect to the column total.

Figure 6: Different combinations of features were used to create different 
models. Some features were shared by various models.

Figure 9: The difference in the weighted average percentile. The first 
three features are Diabetes_prevalence, Lockdown_start_from, Urban% and 
Pre_tests.
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Creating the MR model based on the selected features:
In this section, I would like to measure the weight of those 

four features above based on the MR model and I ignored 
the least important features from the feature pool. Pairwise 
Pearson correlations were calculated for each pair of features 
to figure out if there are any correlated features (Figure 10). 
From the heatmap, no strong correlation has been found, 
which indicated I do not need to eliminate any features and I 
could create the MR model based on those four features. The 
result of the MR model is shown in Table 6. It indicates that 
Total_variants has a negative relationship with Lockdown_
start_from and a positive relationship with Diabetes_prevalence, 
Urban% and Pre_tests.

� Discussion
Nowadays, the variants of SARS-CoV-2 have become one 

of the biggest problems worldwide. They are threatening 
our current anti-epidemic strategies. Two major strategies 
to handle the pandemic are lockdowns and vaccinations. For 
vaccines of SARS-CoV-2, it was shown that only 15% were 
fully vaccinated and 29% of the world population had received 
at least one dose of a COVID-19 vaccine.¹⁷ Unfortunately, 
the speed of vaccinations is not close to catching up with the 
spread dynamics of variants of SARS-CoV-2. Also, there 
are questions concerning the use of old target proteins to 
produce protective antibodies against those variants. As for 
the lockdown policy, its objective is to cut off the channels 
of transmission in the pandemic. However, there are issues 
with the policy, and the most severe one is the economic 
depression. Take South Africa as an example, Dorrit Posel et 
al. estimated that there are around 2.5 million adults in South 
Africa who lost their jobs due to the lockdown policy from 
February to April 2020.¹⁸ Another issue besides economic 
loss is the psychological distress of people in lockdown areas. 
A systematic review and meta-analysis done by Nader Salari 
et al. indicates the prevalence of stress in a sample size of 
9,074 is 29.6%, the prevalence of depression in a sample size 
of 44,531 is 33.7% and the prevalence of anxiety in a sample 
size of 63,439 is 31.9%.¹⁹ So, how to maximize the positive 
effects of lockdown when lockdown cannot be avoided is our 

priority. In this study, I tried to address three questions by 
utilizing computer science.

The discriminatory factors influence the transmissibility of 
variants:

There are 15 features that have been selected as the key 
factors that drive the dynamics of spread of variants. They 
could be organized into 3 categories.

Vaccine-related features, like People_fully_vaccinated_per_
hundred, Johnson&Johnson, People_vaccinated_per_hundred, 
Moderna, Sinopharm/Beijing, Pfizer/BioNTech, SputnikV, Total_
vaccine. 

It showed that vaccines have a close relationship with the 
spread of variants. Besides, the total amount of vaccines and 
the proportion of people who have gotten at least one dose 
of the vaccine could affect the pandemic. This implies the 
vaccination strategy could still suppress the pandemic, which 
could be demonstrated by several clinical trials that current 
vaccines could still offer adequate protection. However, there is 
no denying that the efficacy of several kinds of vaccines to the 
variants has been reduced. So, a modified vaccination strategy 
should be considered. For example, it was reported that some 
governments, like the U.S., were trying to strengthen vaccine 
immunogenicity by providing a third dose. Greatly accelerating 
the speed of vaccinations to ensure more people could be covered 
under the vaccines plan is another strategy. This is consistent 
with my research. Even though vaccine-related features are the 
key factors influencing the spread of variants, they are not the 
only determinants and other factors are showing more powerful 
effects which we will discuss in the following sections in detail. 
Besides, when I attempted to rank those key features, the top 
three features do not contain vaccine-related features. Thus, to 
handle the pandemic of variants of SARS-CoV-2, vaccines are 
one of our priorities. However, the governments should adjust 
their vaccine strategy to adapt to the new situation with other 
key factors as well.

Demographic features, like Diabetes_prevalence, Hospital_bed_
per_thousand, Med_age, GDP_per_capita , Peak_infected_cases 
and Total_tests. 

Among the features, Diabetes_prevalence is the most im-
portant. There is evidence that people with diabetes have an 
increased incidence of COVID-19 and blood glucose control 
is extremely important for them. In a study by Singh et al., they 
studied 2,209 COVID patients in China and found 11% of 
them were suffering from diabetes.³³ And a study processed 
by Onder et al. found that nearly 36% of 355 COVID-19 pa-
tients in Italy were had diabetes.³⁴ Although the prevalence 
rates are different in different reports, those indicate patients 
with diabetes tend to be infected by SARS-CoV-2. Combined 
with previous studies, I concluded that the prevalence of dia-
betes is also an important feature for creating the ML model 
of variants. And I hypothesized that people with diabetes will 
have a higher chance to infect variants. The biological mecha-
nisms behind this is not clear yet. However, it is reported that 
the increased glucose levels will elevate the replication level of 
SARS-CoV-2 through ‘the production of mitochondrial reac-
tive oxygen species and activation of hypoxia-inducible factor 
1α’, which could be demonstrated by a T2DM mice model.³⁵ 

Figure 10: The heat-map for each pairwise Pearson correlation. From the 

Table 6: The result of the MR model.
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Other potential mechanisms include immunomodulation, re-
nin-angiotensin-aldosterone system, inflammation and insulin 
resistance.³⁵ Based on those discoveries, patients with diabe-
tes may be the population most susceptible to variants. So, the 
government should pay more attention to them when making 
plans.

Hospital_bed_per_thousand is the second most important 
feature, which indicates that the spread of variants has a re-
lationship with the hospital capacity. There is other evidence 
showing the same relationship between SARS-CoV-2 and 
hospital capacity by using a mathematical model. Dipo Aldila 
et al. created a “modified susceptible exposed infectious recov-
ered compartmental model” based on the cases from Jakarta, 
Indonesia.³⁶ They found that the medical resources, like hos-
pital capacity, are necessary to reduce the burden of COVID.³⁶ 
So, hospital capacity may be a crucial feature to slow down 
the spread of SARS-CoV-2. Admittedly, more investigations 
should be conducted to find out the possible mechanism. 
However, I hypothesize that if patients could be admitted into 
hospitals earlier and if they can stay at a hospital for a longer 
period, especially during highly contagious periods, the spread 
of variants of SARS-CoV-2 could be slowed down due to ef-
ficient quarantine in the hospital. That suggests one way to 
reduce the cases of variants is to increase hospital capacity.

Med_age implies that age is as significant a feature for the 
spread of variants as it is for the SARS-CoV-2. However, a 
limit in my study is that I only investigated if there is a rela-
tionship between the median age and the spread of variants. It 
is difficult to figure out which age group is more susceptible 
to the variants. Based on recent CDC reports, it was said that 
the younger people in the U.S. are taking the place of the older 
people as the biggest group of newly hospitalized. So, my study 
could provide a direction for further study of the variants that 
aims to figure out the age of the susceptible population.

As for the GDP per capita, my study could only demonstrate 
that the GDP per capita are important features to construct 
the ML models of variants and indicates that this feature is as-
sociated with the spread of the variant cases. This is consistent 
with a previous study carried out by Shahina Pardhan et al.³⁸ 
They demonstrated a negative relationship between the change 
in COVID-19 cases with the GDP per capita in 38 European 
countries during the first wave of the pandemic and concluded 
that the economic performance of a country should be an im-
portant consideration for policymakers.³⁶ However, it is hard 
to conclude if they have a causal relationship. And if there is 
a causal relationship, which one is the cause and which one 
is the result. Because the worsening economic situation may 
lower the quality of the healthcare system, or the uncontrolled 
pandemic can hurt the economy significantly. 

The Peak_infected_cases indicates that it is possible to pre-
dict the total cases of variants by using the number of cases at 
peak point. In other words, the Peak_infected_cases could be an 
indicator for the government to evaluate the efficiency of their 
current strategy in the middle of a pandemic of variants. The 
lower Peak_infected_cases is associated with a positive output. 
Thus, the governments could adjust their strategies as soon as 
possible.

The last feature is the Total_tests. Our study shows the total 
tests have a relationship with the spread of variants. It is reason-
able to deduce their relationship by reviewing the relationship 
between COVID-19 Cases and testing. Surprisingly, the total 
number of COVID-19 cases can be reduced with the help of 
testing. A study conducted by Umit Cirakli et al. demonstrated 
that 1% increase in the total tests contributed to reducing new 
cases by 1.45% as analyzed by four models.³⁹ Before the study, I 
thought that more new cases of variants will be detected as the 
outlay of tests, so the total cases of variants will increase. How-
ever, based on my study and previous studies, it seems like the 
spread of variants will be controlled by large-scale testing. The 
reason is because large-scale testing could detect and isolate 
risk groups to cut off the channels of transmission. So, govern-
ments need to put more effort into large-scale testing.

Lockdown-related features, like Lockdown_start_from. The 
number of days from our starting point to the day when na-
tional lockdowns were carried out is the third important feature 
in our study. More details will be discussed in section 6.2.

Unimportant features, like Gender, Extreme_poverty, Popu-
lation_Density, Health_care_index. Those features are deemed 
to be important for the transmission of COVID-19. Inter-
estingly, in my study, those features are not the crucial factors 
for the spread of variants. In the later section, I illustrate that 
the proportion of urban people is important to predicting the 
post-lockdown infection rate. Combined with the Population_
Density here, it seems like it is the density of local areas rather 
than that of the national level affecting the spread of variants.

Effect of lockdown and vaccination on the infection spread dy-
namics of variantss:

This study shows that both lockdowns and vaccinations 
are significant strategies to handle the pandemic of variants. 
Besides, after ranking, I found that lockdown plays a more vital 
role than vaccinations. That implies the governments should 
not expect an ideal result by solely depending on vaccinations 
without any lockdown policies. In addition, my study found 
that the lockdown length is different in different countries. 
That’s because countries set the start and end date according to 
their subjective perspective. Also, no objective criterion existed 
to guide when they should extend their lockdown date or when 
they could relieve the lockdown. Furthermore, each country 
implemented different measures during the lockdowns. For 
some countries, a national lockdown may simply imply a 
vacation for schools or working from home. However, for other 
countries, they may carry out a stricter policy, like quarantining 
regions.

An important part of the study is to analyze the critical 
factors which influence the post-lockdown. I constructed 
a MR model based on four features, Diabetes_prevalence, 
Lockdown_start_from, Urban% and Pre_tests, and discovered 
their coefficients. It shows that the coefficient of Lockdown_
start_from is -0.251, which demonstrates that the lockdown 
length has a negative relationship with the spread of variants. 
Thus, to facilitate a better outcome, governments should 
lengthen the lockdown length, in other words they should lock 
down earlier and keep the lockdown period longer. Given that 
I could deduce the relationship between the lockdown and the 
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spread of variants based on previous studies of COVID-19 by 
assuming they are sharing the same pattern, my conclusion 
could be demonstrated by other studies as well. Based on a 
study by Atalan et al., they found that the lockdown length 
during a particular time period without any interruption has 
a very strong negative correlation with the number of new 
confirmed cases, with the correlation value being -0.9126.⁴⁰ 
That implies that if the country starts to lock down earlier 
and keeps it longer, the efficacy of lockdown policy will be 
maximized. 

However, my study only focused on lockdowns nationally. 
Further studies should concentrate on if lockdowns locally 
work and what is the criterion for the countries to implement 
lockdown policies. Because, obviously, lockdowns at a regional 
scale rather than a national scale would be less harmful. 
Furthermore, more details about the lockdown could be 
discussed in a further study, like what kind of measures should 
be included in the lockdown policy.

Thankfully, vaccinations contribute to the development of 
the variants’ models as well. Even if they are not the top key 
factor, eight features out of the fifteen features are vaccine-
related features, which suggests that the total effect of all 
vaccine-related features plays a vital role in the spreading of 
variants and the vaccines are still useful for the variants. That 
could guide the creation of policy.

Firstly, a single type of vaccine is far from being able to 
control the spread of variants and a combination of all types of 
vaccines is needed. Because each vaccine has different targets, 
and the mixed use of different vaccines offers better protection 
for a group of people at risk of being infected by different 
types of variants. The mixture strategy could be accomplished 
in two ways. The first one is combining different vaccines in 
one person. For example, the two doses of Sputnik V vaccine 
use Ad26 and Ad5 respectively, and its high efficacy has been 
demonstrated.⁴³ Besides, John et al. put forward that “using a 
mRNA vaccine or protein vaccine to boost the first dose of the 
Johnson & Johnson or AstraZeneca adenovirus vectors could 
possibly be more effective than giving a second dose of the 
same dose of the same adenovirus”.⁴¹ Another possible way 
is to individualize vaccination so that different groups could 
receive different kinds of vaccines to maximize the performance 
of vaccines and lower the resistant viruses. For instance, John 
et al. put forward that it could decrease the resistant viruses by 
only allowing the younger people to get Johnson & Johnson 
vaccines.⁴¹ However, this scenario needs to be examined in 
further studies.

Secondly, in my study, it seems like two features, People_fully_
vaccinated_per_hundred and People_vaccinated_per_hundred 
have equal significance in the spread of variants. That implies 
some groups of people may not need the second dose or even 
the third dose to protect them from infection of variants. An 
investigation by Stamatatos et al. could probably explain that.⁴² 
Their study showed that a single mRNA vaccine dose could 
boost the antibody level rapidly and significantly in people who 
have recovered from COVID-19.⁴² Of course, more designed 
trials should be carried out for this question. However, it 
awakens us to the possibility of giving different groups of 

people different doses of vaccines, which will significantly 
relieve the stress from the shortage of vaccines.

Analyzing the critical pre-lockdown factors which influence 
the post-lockdown infected rate :

To identify pre-lockdown factors, I constructed a MR 
model with a Pearson correlation of 0.8820. The model shows 
that the prevalence of diabetes, the proportion of population 
in urban areas, and the total testing before the lockdown 
are three important key factors that positively influence the 
post-lockdown infection rate. And the lockdown length 
has a negative relationship with our target label. Thus, for 
governments who decide to lockdown their countries, they 
should increase the testing, reduce the density of urban areas, 
pay more attention to people with diabetes, and, if possible, 
lockdown the countries as early as possible and avoid locking 
down too late.

The limitations of the study:
There are some limitations to this study. Firstly, we can 

enlarge the EEA or include more countries into our dataset, 
like countries in Africa. The reason why I did not include those 
in this study is partly because of the incomplete information. 
The capacity of testing in some countries lags behind the 
demands of our dataset. In addition, I only identified the key 
factors affecting the spreading of variants. In further studies, I 
could analyze each factor in depth. For example, further study 
could concentrate on weighing the merits and downsides of 
lockdowns locally or nationally, what is the criterion for the 
countries to start lockdown policies and what kind of measures 
could be included in the lockdown policy to maximize its 
efficacy. Additionally, how to modify the current vaccination 
strategy to variants is another problem. Currently, some 
countries, like the U.S., are expected to authorize the third 
vaccine dose to suppress the spread of variants. However, those 
policies are not supported by enough scientific evidence. 
�   Conclusions 
Machine learning is a significant way for governments to 

predict the spread of variants of COVID-19. By constructing 
ML models, we could identify and rank the key factors 
affecting the transmission of variants. Besides, we could figure 
out critical factors to improve the lockdown effectiveness. 
While existing studies focus on constructing the ML model of 
COVID-19, my work presents a possible way to examine that 
of variants and help guide policymaking. My study illustrates 
that the spread of variants are affected by multiple factors. 
Among them, both lockdowns and vaccinations are important 
to stopping the pandemic. That implies governments should 
pay attention to every possible factor and not ignore the 
importance of lockdowns when they are designing the anti-
epidemic plan. In addition, special attention should be paid to 
the people with diabetes and people who live in the urban areas 
in the blueprint. Individualized vaccination plans are needed, 
including how many doses of vaccines and what kind of vaccines 
a person should get. Though this needs to be investigated 
further. To maximize the performance of lockdowns, the 
governments, before locking down, should design a strategy 
based on increasing testing, reducing the density of urban 
areas, paying more attention to people with diabetes, and, if 
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some possible solutions or future areas of study. More research 
should be completed in future studies.
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