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Abstract

This thesis, ”The Impact of Government Policies on the COVID-19 Pandemic
in Scandinavia: A Machine Learning Approach,” examines the effects of gov-
ernmental policies on COVID-19 outcomes in Denmark, Finland, Norway, and
Sweden. These countries, while similar in many aspects, adopted varied public
health measures in response to the pandemic.

Using data pre-processing techniques and machine learning algorithms, in-
cluding Ordinary Least Squares (OLS) regression, Random Forest, and Support
Vector Regression (SVR), this study analyzes the effectiveness of different inter-
ventions. The results highlight the critical role of testing, strict health policies
and vaccination in managing the pandemic.

The findings of this thesis reveals some important roles of testing and govern-
ments policies in managing the pandemic. Differences in vaccination and booster
programs highlight the varying public health strategies, as booster doses show-
ing more impact in Denmark and Finland than in Norway and Sweden. Sweden
had a unique approach, characterized by a positive correlation between case
numbers and the stringency of public health measures.

Regarding death rates, strict public health measures are associated with
lower mortality. Vaccination rates does impact the case numbers, by contribut-
ing to less death rates. The distinct patterns observed across the four countries,
does reflect the diverse approaches of government policies in combating the effect
of the pandemic.

Overall, this research highlights the different responses of public health
strategies in Scandinavia, and provides some valuable insights for public health
policy and response.

Keywords: Covid-19, pandemic, Scandinavia, Sweden, Denmark, Finland,
Norway, Machine Learning, ML, statistics, KNN-impute, support vector re-
gression, Ordinary Linear Regression, Random Forest, Log-normal transforma-
tion, Box-Cox transformation, Yeo-Johnson transformation, Covid cases, Covid
deaths.
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1 Introduction

In late 2019, an outbreak of a novel coronavirus originating from China quickly
escalated into a global pandemic. The rapid increase in COVID-19 infection
cases prompted countries worldwide to deploy various preventive measures to
eliminate the spread of the virus (World Health Organization, 2020) [12].

Mostly, all of the European countries followed the lead of the World Health
Organization’s (WHO) recommendation to limit the rapid increase in the num-
ber of the infection cases. Scandinavian countries did also follow most of the
recommendations of WHO, but each country had it’s own adapted policy. Some
called the Swedish policy as gambling (Vogel, 2020)[9], as it didn’t believe in
total lockdown or the military intervention, therefore Sweden had ”loose” re-
strictions in the eyes of the world. (Kdlian, 2023)[5].

In this paper, we will further examine the Governments policies in the Scan-
dinavian region , and discuss these policies impact on the four different countries
in Scandinavia; Denmark, Finland, Norway and Sweden. These Scandinavian
countries, have much historical similarities, both geographically and culturally
(Wikipedia contributors,2022)[10].

Many data pre-processing methods were used, like K-Nearest Neighbours
for data imputation, and for Normalization of Skewed distribution of target
variables, Log-Normal, Box-Cox, and Yeo-Johnson transformations were exper-
imented.

The analysis part starts by implementing statistical methods like Ordinary
Linear Square Regression (OLS) for estimating coefficients, and continues in
implementing some Machine Learning (ML) Methods Machine Learning algo-
rithms like Random Forest and Support Vector Regression (SVR).

Overall, this report will explore the similarities and differences in predict-
ing both, the new COVID-19 cases and deaths in the four main Scandinavian
countries using algorithms implemented using Python programming language.
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2 Background

2.1 The Covid-19 Virus

In late 2019, a novel virus was found in Wuhan, China. This virus, known
as SARS-CoV-2, That belongs to the coronavirus family, that targets the hu-
man respiratory system, causing a range of respiratory infections (Wikipedia
contributors, 2024) [11].

The symptoms of Covid-19 varies a lot. From coughing, fatigue, to even
severe illness that cause death. Certain type of the populations, like the elderly
and those with underlying health conditions, are at a higher risk of developing
severe complications.

Many efforts from the governments, to control the spread of this novel virus
have been made. Such as social distancing, mask-wearing, hand hygiene, and
even total or partial lockdowns. Additionally, extensive research to find some
Vaccines against the virus, That became a tool in managing the pandemic.

2.2 The Scandinavian Region

The term ”Scandinavia,” emerged from the collaboration between Danish and
Swedish universities, in the beginning of 18th century. The term was derived
from ”Sk̊ane,” the southernmost region of Sweden, which is closest to Denmark
and was the location of their joint events. Geographically, Scandinavia includes
Denmark, Sweden, and Norway. While, culturally, the region also includes
Finland, Iceland, and the Faroe Islands, that defines strong historical, cultural,
and linguistic ties.

Credits: The information above is based on Kdlian (2023) [5].
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3 Data source and Data
Descriptions

3.1 Data Sources

Our World in Data (OWID) is a project by the non-profit Global Change Data
Lab. This initiative is a collaborative effort that involves scientific researchers
from the University of Oxford. The scientific content is provided by researchers
from Oxford, whereas the Global Change Data Lab manages the technical as-
pects, including the publication and upkeep of the website and its tools.

Data Source Information

• Source: Our World in Data (OWID)

• Data Set: COVID-19 Data

• Geographic Coverage: The original dataset covers more than 200 coun-
tries. The focus of this study the four Scandinavian countries; Denmark,
Finland, Norway and Sweden.

• Time Period: From January 5, 2020, to May 5, 2024.

• Accessibility: The complete COVID-19 dataset managed by Our World
in Data is regularly updated. It encompasses a comprehensive range of
data points, including confirmed cases, deaths, hospitalizations, and test-
ing metrics.

• Link: OWID COVID-19 Data Repository

• Last Accessed: The dataset was accessed on May 19, 2024.
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• Publisher: The COVID-19 data repository is maintained by the Center
for Systems Science and Engineering (CSSE) at Johns Hopkins University.
Our World in Data website, includes daily updates of COVID-19 related
statistics.

3.2 Attributes of Dataset

The dataset has 67 attributes. For a better understanding of the analyses that
was conducted in this project, the attributes are categorized and listed as follows
(source: OWID GitHub open datasets) [1]:

Confirmed COVID-19 Cases

• total cases, new cases, new cases smoothed

• total cases per million, new cases per million, new cases smoothed per million

Confirmed COVID-19 Deaths

• total deaths, new deaths, new deaths smoothed

• total deaths per million, new deaths per million, new deaths smoothed per million

Excess Mortality

• excess mortality, excess mortality cumulative

• excess mortality cumulative absolute, excess mortality cumulative per million

Hospital and ICU Admissions

• icu patients, icu patients per million, hosp patients, hosp patients per million

• weekly icu admissions, weekly icu admissions per million

• weekly hosp admissions, weekly hosp admissions per million

Testing and Positive Rates

• total tests, new tests, total tests per thousand, new tests per thousand

• new tests smoothed, new tests smoothed per thousand, positive rate,
tests per case, tests units

9



Vaccinations

• total vaccinations, people vaccinated, people fully vaccinated, total boosters

• new vaccinations, new vaccinations smoothed, total vaccinations per hundred,
people vaccinated per hundred

• people fully vaccinated per hundred, total boosters per hundred,
new vaccinations smoothed per million, new people vaccinated smoothed,
new people vaccinated smoothed per hundred

Other Indicators

• stringency index, reproduction rate, iso code, continent, location,
date

• population, population density, median age, aged 65 older, aged 70 older,
gdp per capita

• extreme poverty, cardiovasc death rate, diabetes prevalence, female smokers,
male smokers

• handwashing facilities, hospital beds per thousand, life expectancy,
human development index

3.3 Descriptions of Some Attributes

In order to do an accurate comparative analysis among the four Scandinavian
countries, this study uses somr normalized attributes, to ensures feasable com-
parability across the countries, as their population sizes varies. More details
about the data, can be found in the OxCGRT methodology documentation in
the following GitHub repository, [8].

• new cases smoothed per million

The calculation of new cases smoothed per million is given by the following
equation:

New cases smoothed per million =

(∑6
i=0 XN−i

7× P

)
× 106 (3.1)
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Given that:

– XN−i: The number of new COVID-19 cases reported on day N − i,
where i is the number of days before day N ranging from 0 to 6. This
represents a week’s worth of data up to and including day N .

– P : The population of the country. This value is used to normalize
the data per million individuals, making the data comparable across
countries with different population sizes.

The equation 3.1 above, provides a smoothed metric by averaging the
daily new cases over a week and then normalizing this average per million
people. This method reduces the impact of daily reporting variations such
as delays or under-reporting on weekends and holidays, thereby offers a
better and more reliable measure for defining and comparing the rate of
new infections across countries.

• new deaths smoothed per million

The calculation of new deaths smoothed per million is given by the follow-
ing equation:

New deaths smoothed per million =

(∑6
i=0 DN−i

7× P

)
× 106 (3.2)

Given that:

– DN−i: The number of new COVID-19 related deaths reported on
day N − i, where i ranges from 0 to 6. This accounts for a week’s
worth of data up to and including day N , aimed at smoothing out
daily fluctuations.

– P : The population of the country. This value is crucial for nor-
malizing the death data per million people, allowing for meaningful
comparisons between nations of different sizes.

The equation (3.2) above, by averaging the daily reported deaths over
a week and then adjusting this figure to a per million basis, provides a
consistent and comparable measure of the pandemic’s mortality impact.
This smoothed approach, can minimize the variability caused by report-
ing delays or inconsistencies, specially on weekends and holidays, thus it
provides a clearer view of trends and patterns in COVID-19 related deaths
across countries.
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• stringency index

The Stringency Index is a composite measure scaled from zero to one
hundred, where zero indicates no stringency and one hundred represents
the highest level of stringency. This index is constructed according to the
nine policy indicators, to reflect the severity of government responses in
order to control the spread of COVID-19. These indicators include:

– School closures

– Workplace closures

– Cancellation of public events

– Restrictions on public gatherings

– Closures of public transport

– Stay-at-home requirements

– Public information campaigns

– Restrictions on internal movements

– International travel controls

Each component is rated, and their average provides the overall Strin-
gency Index score. The stringency index metric is crucial to asses gov-
ernment actions in response to the pandemic, and to help to understand
how the different measures might impact the spread and the control of the
virus.(OWID Stringency Index, 2020) [7].

• tests per case: This metric quantifies the number of tests conducted for
each detected case of COVID-19, offering a perspective on the breadth of
testing relative to the magnitude of the outbreak. It is defined mathemat-
ically as the reciprocal of the positive rate. Thus, the formula to compute
the tests per case is:

Tests per Case =
1

Positive Rate

Where the Positive Rate is the proportion of tests that return positive.
This measure helps to see whether a country is testing widely enough
across its population, which is crucial for controlling the spread of the
virus (OWID Coronavirus Testing, 2020)[4].
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4 Methods

This section outlines the methodology used to examine the impact of gov-
ernment policies on the COVID-19 pandemic in the Scandinavian region.
The primary research question addressed is:

What is the impact of different government policies on the

pandemic in the Scandinavian Region?

The analysis focuses on the relationship between various government poli-
cies and the metrics of new COVID-19 infections and deaths in the region.

4.1 KNN-Imputer

This part handles of missing data with using the method of the K-Nearest
Neighbors (KNN) imputation technique, which utilizes five nearest neigh-
bors for calculations. The inconsistency in data reporting, which may be
because of the differences in reporting systems among the countries, and
the absence of data collecting on non-working days. KNN technique es-
timates missing values by calculating the average of the five most similar
datasets.

The formula for KNN-Imputation, when applying the mean of numerical
data, is as the follow:

xmissing =
1

k

k∑
i=1

xnearesti

where:
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– xmissing is the value that needs to be imputed.

– xnearesti represents the values from the k nearest neighbors used for
the imputation.

– k is the number of nearest neighbors considered, typically set to 5 in
this context.

To increase the precision of this KNN method, the data was separated
by country prior to applying the imputation, to assure a better accuracy
(Beretta, L., Santaniello, A., 2016) [2].

4.2 Data Normalization Methods

Three different Transformations were experimented, in order to have a
distribution closest to the Gaussian distribution as possible. The credits
for these three methods goes to an article in ”Medium.com” (Kumar, 2024)
[6].

4.2.1 Log-normal Transformation

The target variable of this analysis is "new cases smoothed per thousand".
So, we start by plotting the distribution of the target variable. We notice
that the distribution of the target variable is right-skewed in all of the
four countries 36, and most of the data is located to the left. By applying
a logarithmic transformation, we can normalize the skewed distributions
and make it more symmetrical. Normalizing is an essential step to get a
better performance when applying Machine Learning Algorithms, and it
can also stabilize the variance across the range of data. So first we apply
the transformation (Figure, 38):

xi −→ log(1 + xi)

Then, we apply the standard scaling (Z-score normalization) on the log-
transformed data so the data has a mean (average) of 0 and a standard
deviation of 1:

The mathematical formula for the standard scalar transformation of a
data point log(1 + xi) is:

log(1 + xi) −→
log(1 + xi)− µ

σ

where:

– log(1 + xi) is the log-transformed data point.

– µ is the mean of the log-transformed data.

– σ is the standard deviation of the log-transformed data.
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4.2.2 Box-Cox Transformation

he Box-Cox transformation is a statistical technique used to stabilize vari-
ance and make data more normally distributed, which is crucial for many
statistical modeling techniques. This method is capable to handle the
positive data. It can also capable to handle zero or negative values by a
slight modification known as the Box-Cox power transformation (Figure,
39).

The transformation is defined by the formula:

y(λ) =

{
(x+α)λ−1

λ if λ ̸= 0,

log(x+ α) if λ = 0,

where:

– x is the original data value.

– λ is the transformation parameter that is determined based on the
data to maximize the likelihood of achieving a normal distribution.

– Adding a small value α (like 0.0001 in our implementation) ensures
that zero and negative values do not pose computational problems.

In our application, the Box-Cox transformation was implemented to adjust
the features that exhibited skewness. The transformation was applied only
to numerical columns, which were strictly positive after adjusting by a
small constant λ. This pre-processing step was done using the boxcox1p

function from the SciPy library on the subsets of the countries.

Columns with constant values were excluded from the transformation pro-
cess to prevent errors and ensure meaningful modifications to the dataset.

The effectiveness of this transformation in preparing data in handling
complex datasets, is detailed in Kumar’s discussion on various data trans-
formations in machine learning applications (Kumar, 2024) [6].
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4.2.3 Yeo-Johnson Transformation

The Yeo-Johnson transformation is utilized to normalize data, and to make
data distributions more symmetric and thus, more suitable for analytical
models that assume normality. This transformation is particularly useful
in handling skewness in both positive and non-negative data, making it a
good choice in pre-processing steps(Figure, 40).

The transformation formula for the Yeo-Johnson method is expressed as
the follow:

y(λ) =


[(y + 1)λ − 1]/λ if λ ̸= 0 and y ≥ 0,

log(y + 1) if λ = 0 and y ≥ 0,

− log(−y + 1) if λ = 2 and y < 0,

−[−(y + 1)2−λ − 1]/(2− λ) if λ ̸= 2 and y < 0.

– y represents the original data values, adjusted by adding 1 to accom-
modate zero or negative values.

– λ is the transformation parameter optimized to best stabilize variance
and bring data closer to a normal distribution.
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5 Pre-Analysis

This section outlines the methods that were used to prepare the data for
analysis. From handling missing values, normalization, and standardiza-
tion. Additionally, it details the formulation of the regression model, like
describing the target variables and factors.

5.1 Handling missing values

The initial step in our analysis is to remove columns that are either un-
necessary or have a high percentage of missing values. After clustering the
dataset by the four countries;Denmark, Finland, Norway, and Sweden, We
assess each attribute’s relevance.

The original dataset contains 67 attributes. To derive meaningful infor-
mation, we eliminate those attributes that are missing over 95% of their
data across the entire dataset. A further step is to eliminate any of the
attributes that are entirely missing in one or more of the specified coun-
tries.

Following this, we eapply the KNN Imputation method to handle the re-
maining missing values. The KNN Imputer handles these by using the five
nearest neighbors (k=5) for imputation. This method is effective, as the
dataset varies in reporting systems across the four different countries.As,
reporting may not be done on a daily base. Hence, possibly some data is
missing on holidays or not recorded daily. By using the nearest neighbor
method, we can fill these gaps with the average values from the five closest
neighbors. For better accuracy for imputation, we segmented the dataset
into subsets for each country before applying the imputation.
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5.1.1 Data Normalization

In this part we aim to Normalized the data to avoid the high variance in
data, which we noticed after plotting the attributes ”The number of Covid-
19 new cases per thousand” and ”The New COVID-19 Deaths smoothed
per thousand in each of the four Scandinavian countries.In our analysis,
we experimented three different methods for an attempt for normalization
across the several countries. These methods for normalization transfor-
mation are, the Log-normal transformation, Box-Cox transformation and
Yeo-Johnson transformation. Overall, The Yeo-Johnson transformation
has improved the normality of the datasets. More information regarding
the normalization method can be found in ”Methods” part of this paper,
section ”4.2- Data Normalization Method”.

5.1.2 Standardization of variables scales

Standardization (variable scaling) is important to ensure consistency in
data analysis, especially when comparing statistics across different coun-
tries. A key step in this process involves normalizing all data attributes
to a common scale, specifically ’per thousand’ inhabitants. Originally,
the dataset included various scales, with some attributes measured per
hundred, others per thousand, and some even per million inhabitants. An
adjustment in these variables were made to a uniform scale, Per thousand.

5.1.3 Government different Policies

The Policies that the government did follow were different. In this paper,
we will focus on three different policies. These policies are selected ac-
cording to the available attributes of OWID dataset and inspired by the
article available in ”Nature.com”, (Hale, T., Angrist, N., Goldszmidt, R.
et al., 2021) [3]

– Public Health Policies: This policy describes nine different in-
dicators, which are as the follow:

∗ school closures.

∗ workplace closures.

∗ cancellation of public events.

∗ restrictions on public gatherings.

∗ Closures of public transport.

∗ stay-at-home requirements.

∗ public information campaigns.

∗ restrictions on internal movements.

∗ international travel controls.
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– Health system Policies: These include measures such as test-
ing, vaccination programs, booster shots, and the number of hospital
beds.

– Economic Policies: The focus is on the economic indicators ”Gross
Domestic Product (GDP) per capita”, which provides a general in-
dication of the average living standards in a country.

These policy areas were integral to the models used in our analysis, serving
as key factors in assessing impacts and outcomes.
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6 Analysis

6.1 Part 1: Analysis of the Number of New
Covid-19 Cases

The Number of new Covid-19 cases

in this part of the analysis, we will present the Analysis of

the number of Covid new cases. The attribute that we are using as our
target variable is ”new cases smoothed per thousand”.

For the analysis, 70% of the data has been used for training and 30% for
testing.

6.1.1 Ordinary Least Squares Regression (OLS)

First approach is about using a fundamental statistical technique to esti-
mate the relationship between number of Covid new cases (smoothed per
thousand), and some chosen variables to test against the three government
policies .

You can find a detailed description about the government policies that
we are testing, in the section ”Pre-Analysis” of this paper under the title
”Government different Policies”.

Denmark Case

The regression model aims to explain variations in the smoothed number
of new COVID-19 cases per thousand people in Denmark, using several

20



predictors such as total tests per thousand, hospital beds per thousand,
the stringency index, GDP per capita, total vaccinations per thousand,
and total booster doses per thousand.

– The OLS model explains about 47.2% (R-squared = 0.472) of the
variability in the dependent variable (new cases smoothed per thou-
sand)(Figure 1), which is understandable, given the complexity of
the dataset.

– Coefficients:

∗ The coefficient for Total Vaccinations per Thousand is not statis-
tically significant (p = 0.339). This suggests that in our model,
there is no clear effect of total vaccinations per thousand on the
new case rate.

∗ On the other hand, we have five highly significant coefficients
(p < 0.001). Two of these have a negative impact on the number
of COVID-19 cases:

· GDP per Capita (Coefficient = -3.262e-05), suggesting that
wealthier areas, like Denmark, may have better management
strategies leading to fewer COVID-19 cases.

· Hospital Beds per Thousand (Coefficient = -1.747e-09), in-
dicating that better healthcare availability might slightly re-
duce cases, though the effect size is practically negligible.

∗ The remaining significant coefficients all show a positive impact
on the number of COVID-19 cases:

· Total Tests per Thousand (Coefficient = 0.0002), reflect-
ing that increased testing is associated with detecting more
cases.

· Stringency Index (Coefficient = 0.0228), possibly indicating
that stricter government measures might lead to increased
case detection or reflect a reaction to rising case numbers.

· Total Booster Doses per Thousand (Coefficient = 0.0014),
which may suggest that regions with higher booster admin-
istration are either better at detecting cases or see transient
increases in cases post-booster due to enhanced social inter-
action.

Finland Case

The regression model is used to explain variations in the smoothed number
of new COVID-19 cases per thousand people in Finland, using predictors
such as total tests per thousand, hospital beds per thousand, the strin-
gency index, GDP per capita, total vaccinations per thousand, and total
booster doses per thousand.
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– The OLS model explains about 48.1% (R-squared = 0.481) of the
variability in the dependent variable (new cases smoothed per thou-
sand)(Figure, 3), which is also understandable given the complexity
of the data.

– All the coefficient in the model of Finland shows statistical signifi-
cant (p < 0.001), and are divided equally between the negative and
positive impact on the number of new Covid cases.

∗ The coefficients with a negative impact on the number of new
Covid cases.

· GDP per Capita (Coefficient = -6.166e-05), suggesting that
higher economic levels in Finland are associated with better
management and thus fewer COVID-19 cases.

· Hospital Beds per Thousand (Coefficient = -4.983e-09), in-
dicating that greater healthcare capacity may marginally re-
duce the number of cases, reflecting effective management
and treatment capabilities, although the effect size is mini-
mal.

· Total Booster Doses per Thousand (Coefficient = -0.0027),
which unexpectedly suggests a decrease in cases with more
booster doses, potentially indicating the effectiveness of booster
vaccinations in controlling the spread of the virus.

∗ The coefficients with a positive impact on the number of new
Covid cases

· Total Tests per Thousand (Coefficient = 0.0011), demon-
strating that increased testing correlates with higher detected
case numbers, likely due to improved case identification.

· Stringency Index (Coefficient = 0.0336), possibly showing
that stricter measures and responses to rising cases can lead
to increased detection or reporting of new infections.

· Total Vaccinations per Thousand (Coefficient = 0.0009), This
might reflect higher detection rates as healthcare engagement
increases with vaccination efforts.

Norway Case

The regression model explains the variations in the smoothed number of
new COVID-19 cases per thousand people in Norway.

– The OLS model explains about 43.3% (R-squared = 0.433) of the
variability in the dependent variable (new cases smoothed per thou-
sand) (Figure, 5), which is understandable, given the complexity of
the factors influencing pandemic trends.

– All the coefficients in the model of Norway show statistical signifi-
cance (p < 0.001), with a clear delineation between those that have
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a positive and those that have a negative impact on the number of
new COVID cases.

∗ The coefficients with a negative impact on the number of new
Covid cases:

· GDP per Capita (Coefficient = -2.781e-05), indicating that
higher economic levels in Norway are associated with better
management strategies leading to fewer COVID-19 cases.

· Hospital Beds per Thousand (Coefficient = -1.545e-09), sug-
gesting that an increased healthcare capacity may slightly
reduce the number of cases, reflecting efficient healthcare sys-
tem capabilities, albeit the effect size is very small.

· Total Booster Doses per Thousand (Coefficient = -0.0037),
strongly indicating that booster vaccinations play a signifi-
cant role in reducing the spread of the virus, likely reflecting
an effective vaccination program.

∗ The coefficients with a positive impact on the number of new
Covid cases:

· Total Tests per Thousand (Coefficient = 0.0005), showing
that increased testing is associated with a higher detection
of cases, which is expected as more comprehensive testing
uncovers more cases.

· Stringency Index (Coefficient = 0.0208), possibly indicat-
ing that tighter government restrictions and measures, al-
though intended to control the spread, correlate with periods
of higher reported cases, possibly due to increased transmis-
sion before measures take effect or increased compliance and
testing during high-stringency periods.

· Total Vaccinations per Thousand (Coefficient = 0.0011), which
might suggest that as vaccination rates increase, so do the de-
tected cases, perhaps due to higher interaction levels as pub-
lic confidence in safety grows, or increased detection through
focused testing in vaccinated populations.

Sweden Case

The regression model aims to explain variations in the smoothed number
of new COVID-19 cases per thousand people in Sweden.(Figure, 7)

– The OLS model explains about 63% (R-squared = 0.630) of the vari-
ability in the dependent variable (new cases smoothed per thousand)
(Figure, 7), which is considered good, given the complexity of the
model in capturing pandemic dynamics in Sweden.??

– Coefficients:
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∗ The coefficient for Total Booster Doses per Thousand is not
statistically significant (p = 0.059), suggesting that within this
model framework, booster doses do not have a clear impact on
new case rates.

∗ The model identified three coefficients with a negative impact on
the number of new COVID-19 cases, all statistically significant
(p < 0.001):

· GDP per Capita (Coefficient = -3.53e-05), indicating that
higher economic levels are associated with better manage-
ment and thus fewer COVID-19 cases.

· Hospital Beds per Thousand (Coefficient = -1.669e-09), sug-
gesting that superior healthcare infrastructure may marginally
reduce the number of cases.

· Total Vaccinations per Thousand (Coefficient = -0.0010),
reflecting that, increased vaccination rates might lead to a
short-term rise in reported cases due to enhanced surveil-
lance and testing but overall suggest a negative correlation
with case numbers.

∗ There are also two coefficients that have a positive impact on the
number of new COVID-19 cases:

· Total Tests per Thousand (Coefficient = 0.0023), confirming
that more extensive testing is linked to higher detection of
cases.

· Stringency Index (Coefficient = 0.0337), which may imply
that stricter government measures, while intended to control
the virus, correspond with higher reported cases possibly due
to increased transmission just before and compliance after
measures are implemented.
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6.1.2 Random Forest Model on the Number of New Covid-
19 Cases

This section presents the analysis of COVID-19 case trends using Random
Forest regression models for Denmark, Finland, Norway, and Sweden. The
model aims to identify the most significant predictors affecting the number
of new COVID-19 cases per thousand people.

Overall, the variance explained in the four countries are considered high,
as R-squared value is around 0.98. This might highly likely indicate an
over-fitting problem in the model of Random Forest.

In order to ensure a good model that generalizes well on a new unseen
data. Many methods were implemented, like using ”Cross validation” in
finding the best hyper-parameters, also pruning method to reduce the risk
of over-fitting, and parameter tuning using ”GridSearchCV”.

Denmark Case

The Random forest model in Denmark The prediction of the new cases
in Denmark using Random Forest has a The Random Forest model for
Denmark has the indicator R2 value of 0.9898.

– Feature Importance: (Figure, 25)

∗ Total Tests per Thousand has the highest importance score (0.3951),
suggesting that testing volume is a crucial predictor of case num-
bers.

∗ Total Vaccinations per Thousand follows with an importance
score of 0.3259, indicating good influence, possibly capturing ef-
fects of widespread vaccination on new Covid-19 case trends.

∗ Total Boosters per Thousand also shows substantial impact (0.2623),
reflecting the role of booster campaigns in the pandemic control.

∗ Stringency Index has a relatively minor importance (0.0167), in-
dicating less influence compared to testing and vaccination met-
rics.

Finland Case

The model for Finland also shows high predictive performance with an R2

value of 0.9891.

– Feature Importance: (Figure, 26)

∗ Total Boosters per Thousand is the predictor with most impact
(0.3696), showing the importance of booster doses in controlling
the spread.
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∗ Total Tests per Thousand remains a significant predictor (0.3398),
consistent with the testing-tracing approach.

∗ Stringency Index has a considerable importance (0.2571), sug-
gesting that government interventions had a notable impact on
case numbers in Finland.

Norway Case

Norway’s model has an R2 value of 0.9837.

– Feature Importance: (Figure, 27)

∗ Total Vaccinations per Thousand leads with the highest impor-
tance (0.4163), indicative of the effectiveness of vaccination.

∗ Total Tests per Thousand (0.3349) and Total Boosters per Thou-
sand (0.2297) also plays significant role, aligning with observed
public health responses.

Sweden Case

Sweden’s model, with an R2 of 0.9946.(Figure, 28)

– Feature Importance: (Figure, 28)

∗ Stringency Index has an unusually high importance score (0.6539),
potentially reflecting the specific nature of Sweden’s public health
strategy.

∗ Total Tests per Thousand also remains a crucial factor (0.2516),
emphasizing the testing policy.

6.1.3 Support Vector Machine (SVR) on the Number of
New Covid-19 Cases

This section presents the outcomes of the Support Vector Machine (SVR)
models employing the Radial Basis Function (RBF) kernel to predict
COVID-19 case trends per thousand people in Denmark, Finland, Nor-
way, and Sweden. The models assess the impact of the various predictors
and determine their importance through permutation feature importance.

Each country’s SVR model was configured with an RBF kernel, optimized
through Halving Grid Search to ensure effective parameter tuning. Per-
mutation feature importance was computed to evaluate the influence of
each predictor on the model’s performance, to provide insights into which
factors has the most significant effect on COVID-19 case trends.
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Denmark Case

The SVR model for Denmark highlights several key predictors influencing
COVID-19 case numbers.

– Permutation Feature Importance: (Figure, 29)

∗ Stringency Index shows the highest importance measures on case
trends.

∗ Total Tests per Thousand, Total Vaccinations per Thousand and
Total Boosters per Thousand also play significant roles, reflect-
ing the importance of testing and vaccination in controlling the
spread of Covid-19 cases in Denmark.

Finland Case

Finland’s SVM model demonstrates some different pattern,in feature im-
portance, it underlines the role of vaccination and boosters with number
of Covid-19 new cases.

– Feature Importance: (Figure, 29)

∗ Total Boosters per Thousand and Total Vaccinations per Thou-
sand are prominent, indicating the critical role of vaccination
campaigns.

∗ Stringency Index and Total Tests per Thousand indicators, high-
light the significance of stringent measures and widespread test-
ing.

Norway Case

Norway’s SVR model identifies different aspects that influence the spread
of Covid infection, with a strong focus on first testing and then vaccination.

– Feature Importance: (Figure, 30)

∗ Total Tests per Thousand emerges as the most influential factor,
followed by

∗ Total Vaccinations per Thousand, indicating effective public health
response.
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Sweden

Sweden’s model underscores the importance of testing and public health
policies.

– Feature Importance: (Figure, 30)

∗ Stringency Index and Total Tests per Thousand has high impact,
reflecting Sweden’s unique approach to managing the pandemic.
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6.2 Part 2: Analysis of the Number of New
Covid-19 Deaths

In this section of the analysis, we explore the factors affecting the num-
ber of new COVID-19 deaths, smoothed per thousand people, using the
OWID COVID-19 dataset. This model tries to identify the contribution
of different variables to mortality rates across different countries.

Ordinary Least Squares Regression (OLS) the Number of
New Covid-19 Deaths

Denmark Case

The regression model aims to explain variations in the smoothed number
of new COVID-19 deaths per thousand people in Denmark. Predictors in-
clude total tests per thousand, hospital beds per thousand, the stringency
index, GDP per capita, total vaccinations per thousand, and total booster
doses per thousand.

– The OLS model explains about 33.4% (R-squared = 0.334) of the
variability in the dependent variable (new deaths smoothed per thou-
sand), showing a moderate explanatory power (Figure 13).

– Coefficients:

∗ Significant coefficients with a negative impact on the number of
new COVID-19 deaths include:

· GDP per Capita (Coefficient = -4.424e-05, p < 0.001), indi-
cates that higher economic levels correlate with lower death
rates.

· Hospital Beds per Thousand (Coefficient = -2.369e-09, p <
0.001), suggests that better healthcare infrastructure helps
to reduce mortality rates.

∗ Coefficients with a positive impact:

· Total Tests per Thousand (Coefficient = 9.876e-05, p < 0.001),
implies that increased testing may correlate with higher recorded
death rates, possibly due to better reporting and case con-
firmation.

· Stringency Index (Coefficient = 0.0303, p < 0.001), which
could reflect that stricter measures are often a response to
severe outbreaks, hence higher mortality rates during such
periods.

· Total Booster Doses per Thousand (Coefficient = 0.0039,
p < 0.001), suggests that increased booster coverage might
temporally associate with mortality due to various factors
like initial vaccine program roll-out to high-risk groups.
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Finland Case

The regression model for Finland shows how several predictors relate to
the number of new COVID-19 deaths per thousand people.

– The OLS model accounts for about 38.7% (R-squared = 0.387) of
the variability in the dependent variable (new deaths smoothed per
thousand) (Figure, 15), indicating strong model performance.

– Coefficients:

∗ Negative impacts:

· Hospital Beds per Thousand (Coefficient = -5.149e-09, p <
0.001), shows significant healthcare capacity impact on re-
ducing death rates.

· GDP per Capita (Coefficient = -6.372e-05, p < 0.001), sup-
ports the idea that higher economic standards improve sur-
vival rates.

∗ Positive impacts:

· Stringency Index (Coefficient = 0.0384, p < 0.001), perhaps
indicates that higher stringency levels relate to periods with
more deaths.

· Total Vaccinations per Thousand (Coefficient = 0.0012, p <
0.001), possibly reflects that increased interactions to vulner-
able populations.

Norway Case

This model explores the impact of various factors on the number of new
COVID-19 deaths per thousand people in Norway.

– The OLS model explains 12.4% (R-squared = 0.124) of the variabil-
ity in the dependent variable (new deaths smoothed per thousand)
(Figure, 17), indicating limited explanatory power.

– Coefficients:

∗ Negative impacts:

· Hospital Beds per Thousand (Coefficient = -1.261e-09, p <
0.001), shows the importance of healthcare availability in
mortality reduction.

· GDP per Capita (Coefficient = -2.27e-05, p < 0.001), corre-
lates the higher economic status with better health outcomes.

∗ Positive impacts:

· Stringency Index (Coefficient = 0.0107, p < 0.001), which
may reflects stricter measures during higher mortality phases.
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Sweden Case

Analyzing the factors affecting new COVID-19 deaths per thousand people
in Sweden through regression modeling.

– The OLS model explains 26.5% (R-squared = 0.265) of the variabil-
ity in the dependent variable (new deaths smoothed per thousand)
(Figure, 19), showing some level of explanation.

– Coefficients:

∗ Negative impacts:

· Hospital Beds per Thousand (Coefficient = -1.485e-09, p <
0.001), indicating the critical role of healthcare capacity.

· GDP per Capita (Coefficient = -3.14e-05, p < 0.001), re-
inforcing the impact of economic well-being on health out-
comes.

∗ Positive impacts:

· Stringency Index (Coefficient = 0.0505, p < 0.001), suggests
increased deaths may coincide with the implementation of
stringent measures during severe epidemic waves.

· Total Vaccinations per Thousand (Coefficient = 0.0015, p <
0.001), reflects complex dynamics, possibly it is related to
early vaccine distribution among high-risk groups.

6.2.1 Random Forest Model on the Number of New Covid-
19 Deaths

This section presents the analysis of COVID-19 death trends using Ran-
dom Forest regression models for Denmark, Finland, Norway, and Sweden.
The models aim to identify the most significant predictors affecting the
number of new COVID-19 deaths per thousand people.

While the Random Forest models demonstrate high R2 values, suggesting
good model fit, there is a risk of over-fitting given the complexity of the
pandemic data. Careful measures such as cross-validation, pruning, and
hyperparameter tuning using GridSearchCV have been implemented to
enhance model robustness and generalizability.

Denmark Case

The Random Forest model for Denmark shows that certain predictors
are particularly influential in explaining the death trends due to COVID-
19.(Figure, 31)

– Feature Importance:
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∗ Stringency Index is the most significant predictor (Importance:
0.425914), indicating the impact of government measures on mor-
tality rates.

∗ Total Vaccinations per Thousand (Importance: 0.255245) and
Total Tests per Thousand (Importance: 0.195389) also signifi-
cantly affect the death rates, underlining the roles of widespread
testing and vaccination efforts.

∗ Total Boosters per Thousand shows considerable importance (0.123452),
suggesting the effectiveness of booster campaigns in reducing se-
vere cases and deaths.

Finland Case

The model for Finland identifies similar patterns in feature importance as
seen in the Danish model, indicating consistent factors influencing death
rates across these nations.(Figure, 31)

– Feature Importance:

∗ Stringency Index, Total Vaccinations per Thousand, Total Tests
per Thousand, and Total Boosters per Thousand mirror the im-
portance rankings observed in Denmark, emphasizing the critical
role of health policy and vaccination in managing the pandemic’s
impact.

Norway Case

Norway’s Random Forest model also highlights the key drivers behind the
COVID-19 death rates with an R2 value (Figure, 32).

– Feature Importance:

∗ Total Vaccinations per Thousand emerges as the top predictor
(Importance: 0.416313), followed by Total Tests per Thousand
(Importance: 0.334853) and Total Boosters per Thousand (Im-
portance: 0.229705).

∗ These factors suggest that vaccine rollout and testing coverage
are central to understanding and controlling COVID-19 mortal-
ity.

Sweden Case

Sweden’s model, shows a good fit with high R2 values potentially indicat-
ing over-fitting.( Figure, 32)

– Feature Importance:
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∗ Stringency Index dominates (Importance: 0.653916), significantly
more than in other countries, possibly due to Sweden’s unique
approach to pandemic restrictions and measures.

∗ Total Tests per Thousand and Total Vaccinations per Thousand
remain crucial, highlighting the different trends in Sweden’s pan-
demic response.

6.2.2 Support Vector Machine (SVR) the Number of New
Covid-19 Deaths

This section presents the outcomes of the Support Vector Machine (SVR)
models to predict COVID-19 deaths trends per thousand people in Den-
mark, Finland, Norway, and Sweden. The models assess the impact of the
various predictors and determine their importance through permutation
feature importance, a technique suitable for non-linear SVR models.

Each country’s SVR model was configured with an RBF kernel, optimized
through Halving Grid Search to ensure effective parameter tuning. Then,
permutation feature importance was computed to evaluate the influence of
each predictor on the model’s performance, to provide insights into which
factors has the most significant effect on COVID-19 death trends.

Denmark Case

The SVR model for Denmark underscores the importance of several pre-
dictors in influencing COVID-19 death numbers.The model have an R-
squared = 0.513.

– Permutation Feature Importance:

∗ Total Boosters per Thousand has the highest importance, which
emphasis the critical role of booster vaccinations in managing
death rates.

∗ Stringency Index and Total Tests per Thousand also has a signif-
icant importance, which reflects the importance of government
interventions and extensive testing in reducing death cases.

Finland Case

Finland’s model indicates a slightly different pattern of feature impor-
tance, it highlights the impact of public care policies on death rates. The
model have an R-squared = 0.725.

– Feature Importance:
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∗ Total Boosters per Thousand and Total Vaccinations per Thou-
sand are the most important predictors, underlining the impor-
tance of vaccination efforts in reducing COVID-19 deaths.

∗ Stringency Index and Total Tests per Thousand, suggests that
stringent measures and robust testing are vital in the fight against
the pandemic.

Norway Case

Norway’s SVR model reveals a strong dependency on certain health mea-
sures to manage death trends effectively. The model have an R-squared
= 0.483.

– Feature Importance:

∗ Total Tests per Thousand and Total Vaccinations per Thousand
are the most important factors, which underlines the importance
of testing and vaccination programs.

Sweden Case

The SVR model for Sweden in managing death trends, has an R-squared
= 0.581.

– Feature Importance:

∗ Stringency Index and Total Tests per Thousand are the most im-
portant features. Which indicates the success of Sweden’s unique
public health strategies.
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7 Results: Comparative Analysis

7.1 FIRST PART: Results on the Number of
Covid-19 Cases

7.1.1 Comparative Analysis of OLS Regression Models for
COVID-19 New cases Across Countries

The Ordinary Least Squares (OLS) regression analysis gives an insight into
the impact of various factors on the smoothed number of new COVID-19
cases per thousand across Denmark, Finland, Norway, and Sweden. By
comparing these models, we can identify commonalities and distinctions
in how different variables influence COVID-19 case trends within these
nations.

Similarities

Across all four countries, the results shows consistent patterns with cer-
tain predictors. For instance, the coefficients for Total Tests per Thou-
sand and Stringency Index are positive in each country, indicating that
increased testing and stricter government measures generally correspond
with a higher number of reported COVID-19 cases. This could be at-
tributed to more comprehensive detection and the lag effect of stricter
measures. Additionally, both Hospital Beds per Thousand and GDP
per Capita consistently show negative coefficients, suggesting that better
healthcare infrastructure and higher economic status are associated with
fewer COVID-19 cases. These indicators may reflect the effective man-
agement and resilience of healthcare systems and economies in combating
the pandemic.
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Differences

There are notable differences among the countries in the effects of vac-
cination rates. Sweden stands out with a negative coefficient for Total
Vaccinations per Thousand, which contrasts with the positive coefficients
observed in Denmark, Finland, and Norway. This might indicate dif-
ferent effectiveness of vaccination campaigns or variations in health care
strategies and population behavior post-vaccination. Furthermore, the im-
pact of Total Booster Doses per Thousand shows positive importtance in
Denmark, implying an increase in cases, potentially due to higher social
interaction that follows booster vaccination. In contrast, this predictor
has a negative effect in Finland, Norway, and Sweden, suggesting that
booster doses may help reduce case numbers by enhancing immunity in
these populations.

Overall Results

The models for all four countries has a R-squared values ranging from
43.3% to 63%, which highlights the impact of the predictors on the number
of new COVID-19 cases. These findings underscore the importance of
good healthcare systems, economic stability, and proactive testing and
vaccination policies in managing the spread of COVID-19.

7.1.2 Comparative Analysis of Random Forest Models for
COVID-19 New cases Across Countries

This part presents the results of Random Forest models applied to assess
the impact of several predictors on the number of new COVID-19 cases per
thousand in the four Scandinavian countries: Denmark, Finland, Norway,
and Sweden. The models offer insights into the importance of various
factors affecting case numbers during the pandemic.

Similarities Across the Countries

The Random Forest results revealed common significant predictors across
all four countries. For instance:

– Total Tests per Thousand consistently shown as an important
predictor, underscoring the critical role of testing in identifying case
numbers across the board.

– Stringency Index also is shown as an important indicator in all
of the four countries, suggesting that government interventions and
policies played an important role in the dynamics of the pandemic’s
spread.
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Differences

While there are common factors, each country also had some unique pat-
terns in how other variables influenced COVID-19 case numbers:

– InDenmark, the most important predictors after total tests were to-
tal vaccinations per thousand and total boosters per thousand, which
highlights the impact of vaccination campaigns.

– Finland showed a big reliance on total boosters per thousand, which
indicates a robust booster campaign influence, followed by stringency
measures.

– For Norway, total vaccinations per thousand has the most impact,
followed closely by total tests per thousand and total boosters per
thousand.

– Sweden uniquely displayed the Stringency Index as the predomi-
nant feature, followed by total tests per thousand, which may reflect
specific public health policies.

Overall Results

The Random Forest models achieved high R-squared values around 0.98
in all countries, which might indicate a strong fit or even an overfitting
problem to the data. However, each country’s model underscores different
aspects of the pandemic response, from testing and stringency to vacci-
nation rates, revealing tailored responses and outcomes based on govern-
ments strategies and healthcare capabilities. These results provide valu-
able insights into the effectiveness of various strategies in each country to
manage the pandemic.

7.1.3 Comparative Analysis of Support Vector Regression
for COVID- 19 New cases Across Countries

The Support Vector Regrssion (SVR) Method was used to understand
how different factors influence the new COVID-19 cases per thousand in
Denmark, Finland, Norway, and Sweden. This method helps in underly-
ing variables that are most significant in predicting case trends in these
countries.

Similarities

The SVR results show that in all four countries, testing rates and gov-
ernment response stringency consistently have a strong influence on the
number of reported COVID-19 cases. Higher testing rates lead to more
cases being detected, while more stringent measures likely reflect govern-
ment response to increasing cases.
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Differences

Notable differences are observed in the impact of vaccinations and booster
doses. While booster doses are important predictors in Denmark and
Finland, showing a positive correlation with case numbers, their influence
is less significant in Norway and Sweden. Furthermore, Sweden shows a
unique trend where the stringency of government measures is the most
influential factor, suggesting a particularly robust governmental response
to the pandemic compared to the other countries.

Overall Results

The SVR models for Denmark, Finland, Norway, and Sweden highlight the
importance of testing and government policies in controlling the spread of
COVID-19. While each country exhibits unique method in the effective-
ness of vaccinations and healthcare resources in managing the pandemic,
Sweden distinctively shows that increases in case numbers lead to more
stringent public health measures, alongside testing and vaccination strate-
gies.

7.2 SECOND PART: Results on the Number of
Covid-19 Deaths

7.2.1 Comparative Analysis of OLS Regression Regression
for COVID- 19 Deaths Across Scandinavia

Ordinary Least Squares (OLS) regression was used to explore the factors
affecting the smoothed number of new COVID-19 deaths per thousand in
the Scandinavian countries of Denmark, Finland, Norway, and Sweden.
The analysis allows us to find both common and unique influences of
various predictors on death rates due to COVID-19 across these nations.

Similarities

Across Denmark, Finland, Norway, and Sweden, certain variables consis-
tently did influence the death rates. Notably, Hospital Beds per Thou-
sand had a statistically significant negative coefficient in all of the coun-
tries, suggesting that better hospital infrastructure is associated with lower
death rates. Additionally, Stringency Index, representing the severity of
government health care policies, showed a positive relationship with the
death rates, indicating that higher stringency might be a response to se-
vere outbreaks.
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Differences

Despite these similarities, the countries also displayed distinct patterns:

– In Denmark and Sweden, GDP per Capita presented a significant
negative effect, highlighting that higher economic status might help
in relieving death rates more effectively compared to Finland and
Norway where its impact was not significant.

– The effect of Total Vaccinations per Thousand varied, with Denmark
showing a small but significant negative coefficient, suggesting some
effectiveness of vaccination in reducing death rates. Contrastingly, in
Sweden, this variable was not a significant predictor.

– Total Tests per Thousand had varying impacts, with a positive co-
efficient in Norway, indicating that increased testing correlates with
higher reported death rates possibly due to better detection of COVID-
19 related deaths.

Overall Results

The R-squared values from these models suggest that while the predictors
explain a substantial portion of the variance in COVID-19 death rates,
there are still other factors that play a role in these outcomes. The mod-
els show that healthcare infrastructure and government policies are key
in controlling the death rates from the pandemic. Besides, reveal how
economic and social factors interact with public health measures.

7.2.2 Comparative Analysis of Random Forest Models for
COVID-19 Deaths Across Scandinavia

The Random Forest analysis explores the factors that influence COVID-
19 death rates in Denmark, Finland, Norway, and Sweden. By examining
these models, we can identify both common and country-specific observa-
tions .

Similarities

The analysis shows that the stringency index, and the number of vacci-
nations are consistently important across all four countries. These factors
indicate that strict policies and high vaccination rates are effective in man-
aging the mortality rates of COVID-19.
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Differences

While testing and vaccination are crucial across the board, the impact of
booster doses varies among countries. Denmark and Finland see significant
influence from booster doses, suggesting that these boosters play a key role
in reducing death rates.

Overall Results

The Random Forest models achieve high R-squared values, suggesting a
good fit that captures a substantial portion of the variability in death rates.
This highlights the importance of stringency measure and vaccinations to
manage the pandemic’s mortality impact.

7.2.3 Comparative Analysis of SVR for COVID-19 Deaths
Across Scandinavia

This analysis examines the effectiveness of the Support Vector Machine
(SVR) model in predicting COVID-19 death rates in Denmark, Finland,
Norway, and Sweden. The study reveals how various factors contribute to
the mortality outcomes associated with the pandemic across these coun-
tries.

Similarities

The SVRmodels used for each country, shows that certain factors like total
tests per thousand and stringency of government policies play a consistent
role in all countries. High stringency index values and extensive testing
are commonly important factors across Denmark, Finland, Norway, and
Sweden, highlighting their critical roles in managing the pandemic’s im-
pact.

Differences

While there are notable differences also emerge in the impact of vacci-
nation rates and healthcare capacity. For instance, total boosters per
thousand has varying levels of importance, suggesting differences in how
booster vaccination campaigns influence death rates across these nations.

Overall Results

The SVR models has varying R-squared values, indicating different levels
of model accuracy in predicting death rates across the countries. Finland
and Sweden show higher explanatory power, suggesting that the models
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fit better in these countries compared to Denmark and Norway. This
variation underlines the complex nature of pandemic dynamics and the
influence of localized public health strategies.
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8 Discussion and Findings

While the models vary, they all emphasize the significant role of testing and
public health policies (Stringency Index)in managing the pandemic, and
the spread of the Covid-19 virus. Differences in vaccination and booster
effects, suggest varying levels of vaccine roll-out effectiveness and pub-
lic health strategies among these countries. For example, booster doses
have a more impact in Denmark and Finland compared to Norway and
Sweden, indicating different health responses to vaccination campaigns.
Consequently, the implementation of effective public and health policies
plays a crucial role in mitigating the spread of COVID-19.

A notable observation from the analysis is that Sweden demonstrated a
distinct approach in managing the rise in COVID-19 cases. As, the data
shows a significant positive correlation between the number of cases and
the stringency of public health measures implemented. This suggests that
Sweden actively intensified its governmental response as case numbers in-
creased, reflecting a proactive strategy in curbing the spread of the virus.

In terms of death rates, the models indicate that

the stringency of government measures often shows a strong association
with lower death rates, suggesting effective containment and mitigation
strategies can significantly influence mortality outcomes.

Additionally, vaccination rates, while varying in their impact on case num-
bers, generally help in reducing death rates, underscoring their importance
in public health strategies across Scandinavia. The distinct patterns in
each country highlight the different approaches and varied effectiveness of
Governments policies in combating the pandemic’s effects.
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Appendix of Graphs

I. OLS Regression Result for Covid New Cases in
Denmark

Figure 1: Denmark:OLS Model for number of Covid Cases Summary and Co-
efficients (Part 1)

Figure 2: Denmark :OLS Coefficients Detail for number of Covid Cases (Part
2)
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II. OLS Regression Result for Covid New Cases
in Finland

Figure 3: Finland:OLS Model for number of Covid Cases Summary and Coef-
ficients (Part 1)

Figure 4: Finland:OLS Coefficients Detail for number of Covid Cases (Part 2)
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III. OLS Regression Result for Covid New Cases
in Norway

Figure 5: Norway:OLS Model for number of Covid Cases Summary and Coeffi-
cients (Part 1)

Figure 6: Norway:OLS Coefficients Detail for number of Covid Cases (Part 2)
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IV. OLS Regression Result for Covid New Cases
in Sweden

Figure 7: Sweden:OLS Model for number of Covid Cases Summary and Coeffi-
cients (Part 1)

Figure 8: Sweden:OLS Coefficients Detail for number of Covid Cases (Part 2)
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V. OLS Regression Feature Importance for Covid
New Cases

Figure 9: Feature Importance of OLS Model in Denmark for the Number of
New Cases

Figure 10: Feature Importance of OLS Model in Finland for the Number of New
Cases
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Figure 11: ’Feature Importance of OLS Model in Norway for the Number of
New Cases’

Figure 12: ’Feature Importance of OLS Model in Sweden for the Number of
New Cases’
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VI. OLS Regression Result for Covid New Deaths
in Denmark

Figure 13: Denmark: OLS Model for Number of Covid Deaths Summary and
Coefficients (Part 1)

Figure 14: Denmark: OLS Coefficients Detail for Number of Covid Deaths (Part
2)
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VII. OLS Regression Result for Covid New Deaths
in Finland

Figure 15: Finland: OLS Model for Number of Covid Deaths Summary and
Coefficients (Part 1)

Figure 16: Finland: OLS Coefficients Detail for Number of Covid Deaths (Part
2)
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VIII. OLS Regression Result for Covid New Deaths
in Norway

Figure 17: Norway: OLS Model for Number of Covid Deaths Summary and
Coefficients (Part 1)

Figure 18: Norway: OLS Coefficients Detail for Number of Covid Deaths (Part
2)
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IX. OLS Regression Result for Covid New Deaths
in Sweden

Figure 19: Sweden: OLS Model for Number of Covid Deaths Summary and
Coefficients (Part 1)

Figure 20: Sweden: OLS Coefficients Detail for Number of Covid Deaths (Part
2)
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X. OLS Regression Feature Importance for Covid
New Deaths

Figure 21: ’Feature Importance of OLS Model in Denmark for the Number of
New Deaths’

Figure 22: ’Feature Importance of OLS Model in Finland for the Number of
New Deaths’
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Figure 23: ’Feature Importance of OLS Model in Norway for the Number of
New Deaths’

Figure 24: ’Feature Importance of OLS Model in Sweden for the Number of
New Deaths’
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XI. Random Forest Model Results for the Num-
ber of COVID Cases in Each of the Scandinavian
Countries

Figure 25: Random Forest Model Results for the Number of COVID Cases in
Denmark

Figure 26: Random Forest Model Results for the Number of COVID Cases in
Finland
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Figure 27: Random Forest Model Results for the Number of COVID Cases in
Norway

Figure 28: Random Forest Model Results for the Number of COVID Cases in
Sweden
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XII. SVRModel Results for the Number of COVID
Cases in Each of the Scandinavian Countries

Figure 29: Support Vector Machine (SVM) results for COVID-19 cases in Den-
mark and Finland.

Figure 30: Support Vector Machine (SVM) results for COVID-19 cases in Nor-
way and Sweden.
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XIII. Random Forest Model Results for the Num-
ber of COVID Deaths in Each of the Scandinavian
Countries

Figure 31: Random Forest results for COVID-19 death rates in Denmark and
Finland

Figure 32: Random Forest results for COVID-19 death rates in Norway and
Sweden
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XIV. Stringency Index Plots in the Scandinavian
Countries

Figure 33: Cumulative Stringency Index Over Time for Each Country.

Figure 34: Stringency Index Over Time for Each Scandinavian Country.
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XV. The New Covid Cases and Deaths (smoothed
per thousand) Plots in each of the Scandinavian
Countries

Figure 35: New COVID-19 Cases and Deaths Smoothed per Thousand in Den-
mark, Finland, Norway, and Sweden.
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XVI. The distribution of the Number of New
Covid Cases in Each of The Scandinavian Coun-
tries

Figure 36: Distribution of COVID-19 New Cases (smoothed per thousand) in
Denmark, Finland, Norway, and Sweden.
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XVII. The distribution of the Number of New
Covid Deaths in Each of The Scandinavian Coun-
tries

Figure 37: Distribution of COVID-19 New Deaths (smoothed per thousand) in
Denmark, Finland, Norway, and Sweden
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XVIII. The Log-Normal Transformation of The
Number of Covid New Cases and Deaths

Figure 38: Log-Normalized Distribution of New COVID-19 Cases and New
Covid-19 Deaths Smoothed (per Thousand)
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XIX. The Box-Cox Transformation of The Num-
ber of Covid New Cases and Deaths

Figure 39: Box-Cox Transformed Distribution of New COVID-19 Cases and
New Covid-19 Deaths Smoothed (per Thousand)
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XX. The Yeo-Johnson Transformation of The Num-
ber of Covid New Cases and Deaths

Figure 40: Yeo-Johnson Transformed Distribution of New COVID-19 Cases and
New Covid-19 Deaths Smoothed (per Thousand)
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XXI. OLS Regression results Comparison between
The number of New Cases and Deaths for each
Coefficient

Figure 41: Comparison of Stringency Index Coefficients for New Cases and
Deaths

68



Figure 42: Coefficients for New Cases and Deaths - Total Tests per Thousand
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Figure 43: Coefficients for New Cases and Deaths - Total Vaccination per Thou-
sand
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Figure 44: Coefficients for New Cases and Deaths - Total Boosters per Thousand
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Figure 45: Coefficients for New Cases and Deaths - Total Boosters per Thousand
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Figure 46: Coefficients for New Cases and Deaths - GDP per Capita
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Figure 47: Coefficients for New Cases and Deaths - Hospital Beds per Thousand
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XXII. Random Forest results feature importance
Comparison between The four Countries for the
Number of New Covid Cases

Feature Denmark Finland Norway Sweden

Total Tests per Thousand 0.427827 0.333264 0.323189 0.258239
Total Vaccinations per Thousand 0.284460 0.057090 0.421269 0.063641
Total Boosters per Thousand 0.269400 0.362449 0.236587 0.030535
Stringency Index 0.018313 0.247197 0.018955 0.647585
Hospital Beds per Thousand 0.000000 0.000000 0.000000 0.000000
GDP per Capita 0.000000 0.000000 0.000000 0.000000

Table 1: Feature Importance Values from Random Forest Analysis for Predict-
ing New COVID-19 Cases Per Thousand in Scandinavian Countries.

XXIII. Random Forest results feature importance
Comparison between The four Countries for the
Number of New Covid Deaths

Feature Denmark Finland Norway Sweden

Stringency Index 0.425914 0.425914 0.425914 0.425914
Total Vaccinations per Thousand 0.255245 0.255245 0.255245 0.255245
Total Tests per Thousand 0.195389 0.195389 0.195389 0.195389
Total Boosters per Thousand 0.123452 0.123452 0.123452 0.123452
Hospital Beds per Thousand 0.000000 0.000000 0.000000 0.000000
GDP per Capita 0.000000 0.000000 0.000000 0.000000

Table 2: Feature Importance Values from Random Forest Analysis for Predict-
ing New COVID-19 Deaths Per Thousand in Scandinavian Countries.
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XXIV. SVR results feature importance Compari-
son between The four Countries for the Number
of New Covid Cases

Feature Denmark Finland Norway Sweden

Total Boosters per Thousand 2.419003 2.419003 2.419003 2.419003
Stringency Index 2.281651 2.281651 2.281651 2.281651
Total Tests per Thousand 1.991590 1.991590 1.991590 1.991590
Total Vaccinations per Thousand 0.573666 0.573666 0.573666 0.573666

Table 3: Mean permutation feature importance values from SVR, predicting
the number of Covid deaths in Scandinavian Countries.

XXV. SVR results feature importance Compari-
son between The four Countries for the Number
of New Covid Deaths

Feature Denmark Finland Norway Sweden

Total Boosters per Thousand 2.419003 2.419003 2.419003 2.419003
Stringency Index 2.281651 2.281651 2.281651 2.281651
Total Tests per Thousand 1.991590 1.991590 1.991590 1.991590
Total Vaccinations per Thousand 0.573666 0.573666 0.573666 0.573666

Table 4: Mean permutation feature importance values from SVR, predicting
the number of Covid deaths in Scandinavian Countries.
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