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ABSTRACT
Coronaviruses are a group of viruses that cause various diseases in mammals and birds. In
humans, they cause a range of respiratory disorders. This paper presents the analysis of the
transmission of COVID19 disease and predicts the scale of the pandemic, the recovery rate as
well as the fatality rate. We have used some of the well-known machine learning techniques
as well as mathematical modeling techniques such as Support Vector Machine (SVM),
Bayesian Ridge and Polynomial Regression and SIR model.
Machine learning algorithms like Support Vector Regressor have the lowest R2 score =
0.8273 among Polynomial Regression, and Bayesian Ridge Regression, and the highest
RMSE value = 124328.5297 amongst the three models, which tells us that the Support Vector
Regressor is the least preferred model to choose. Bayesian Ridge Regression has R2 score =
0.9321 and the lowest RMSE value = 71920.7332 to be the best model among the three.

Keywords: COVID-19, SARS, Machine learning, data analysis, SVR, Regression
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CHAPTER 1: INTRODUCTION
In these uncharted waters, where the tides keep on moving, it's not astounding that machine
learning and analytics, generally perceived for its critical thinking and prescient ability, and
has become a fundamental navigational device. Analytics underpins various critical errands
confronting world today forecasting demand, identifying potential tends to minimize risk,
countries at-major risk, and determining the effectiveness of crisis intervention strategies, to
name a few. Corona Virus Disease 2019 (COVID-19) began in Wuhan, China, in December
and immediately spread all through China and to numerous nations and areas on the planet
(Benvenuto et al., 2020; Liao et al., 2020). The COVID-19 episode was pronounced a
pandemic by the World Health Organization (WHO) on March 11. It is as of now a pandemic
and worldwide general wellbeing measures are required to adapt to the fast spread of the
plague.
Numerical demonstrating is useful to foresee the chance and seriousness of malady episode
and give key data to deciding the sort and power of sickness intercession. The SIR model is
one of the most straightforward compartmental models utilized to numerically show
infectious disease. This model involves three compartments: susceptible (S), infectious (I)
and recovered (R). The initial two compartments - Susceptible and Infectious - have clear as
crystal names. "Recovered" can, be that as it may, be taken a gander at from a more extensive
point of view. All the more by and large, we can say that R comprise of all the resistant
people. A resistant individual can either be recuperated or dead, in light of the fact that
neither of them can come down with nor transmit the concerned malady. Every one of these
amounts is time-reliant, attributable to the dynamic idea of the disease.
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1.1 Objective
The main aim is “Can machine learning algorithms help in predicting the COVID-19

cases in the world” and to forecast the possible number of virus cases across the world in
next 10 days and developing a model by applying machine learning algorithms for available
data over COVID-19. Tang et al. evaluated the infectivity of COVID-19 dependent on a
traditional susceptible-infected-removed (SIR) epidemiological model (Tang et al., 2020).
Wu et al. proposed an all-encompassing SIR model to conjecture the spread of 2019-nCoV
both inside and outside of mainland China (Wu et al., 2020). In any case, these investigations
expected that the uncovered populace were not infectious, which might be not reasonable in
COVID-19. Yang Z et al. anticipated that China's pandemic will top in late February and end
in late April by a blend of SIR model and an AI computerized reasoning (AI) approach (Yang
et al., 2020). However, this examination and the above investigations didn't consider the stage
balanced preventive measures and time-changing boundaries, which may influence the
precision of predictions.
We embraced broadened susceptible-infected-removed (SIR) model (Song et al., 2020),
which covers the impacts of various epidemic categories in various periods and assists with
accomplishing the accompanying explicit goals:
Aim 1: Compare the pandemic COVID-19 in countries and visualize the mortality rate.
Aim 2: Predict confirmed number of cases over next 10 days worldwide by implementing
Machine learning algorithms.
Aim 3: Predict the epidemiological pattern of COVID-19 in Countries by allowing the
coefficient for contact rate to be set dynamically.
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1.2 Explanation of Covid-19 Data gathering
The Covid-19 pandemic has made a tsunami of information. As nations and urban areas
struggle to grasp the degree and scale of the issue, tech partnerships and information
aggregators have ventured up, filling the hole with dashboards scoring social distancing
dependent on the spot information from cell phone applications and cell towers, contacttracing applications utilizing geolocation administrations and Bluetooth, and displaying
endeavors to anticipate pandemic urgency and medical needs. Even with vulnerability, these
information can give comfort — unmistakable realities despite of numerous questions. In an
emergency circumstance like the one we are in, information can be a fundamental apparatus
for creating reactions, apportioning assets, estimating the viability of mediations, for
example, social distancing, and revealing to us when we may revive economies. In any case,
fragmented or erroneous information can likewise sloppy the waters, clouding significant
subtleties inside networks, overlooking significant factors, for example, financial real factors,
and making bogus faculties of frenzy or wellbeing, also different damages, for example,
unnecessarily uncovering private data. At the present time, awful information could create
uncertain stumbles with ramifications for millions.
I scrapped data from Github, WHO (World Health Organization) and Google in this project
for information on COVID-19. This repository for the 2019 Novel Coronavirus is worked by
the Johns Hopkins University Center for Systems Science and Engineering (JHU CSSE).
Likewise, Supported by ESRI Living Atlas Team and the Johns Hopkins University Applied
Physics Lab (JHU APL). COVID-19 information incorporates confirmed, dead, and
recovered cases from all areas, refreshed every day in a .csv record. In the event that there is
an update or adjustment to effectively distributed information, the information document is
been refreshed in like manner.
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Figure 1: Basic Flow Diagram of Scripting Process
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1.3 Fundamentals of SIR Modelling
A predominant technique for displaying the spread of infectious disease is to classify people
in the populace as having a place with one of a few particular compartments, which speak to
their wellbeing status regarding the disease. The elements of an epidemic would then be able
to be dissected as the paces of move between these compartments. One of the most basic
compartmental models is the SIR model, which shapes the premise of quite a bit of infectious
disease modeling.
In the SIR model the populace is isolated into three compartments, S (powerless), I (tainted),
and R (evacuated). People in the populace may exist in any of these three compartments at a
given time.
Susceptible: Susceptible people have never been contaminated, however are defenseless to
disease. In the event that they become contaminated they move into the infected
compartment.
Infected: Infected people can contaminate vulnerable people. After a timeframe they move
into the Removed compartment.
Removed: Removed people have either recuperated from the contamination and are resistant
to reinfection, or have kicked the bucket.
The SIR ailment transmission model is inferred accepting a few in number presumptions.
There are several papers where the creators broaden this essential model in numerous ways
by loosening up certain presumptions. In this thesis we will talk about how we applied SIR
model for better understanding of trends of COVID-19 outbreak.
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CHAPTER 2: LITERATURE REVIEW
2.1 Introduction
Since December 2019, many unexplained cases of pneumonia with cough, dyspnea, fatigue,
and fever as the main symptoms have occurred in Wuhan, China in a short period of time
(Huang et al., 2020; Shen et al., 2020). China's health authorities and CDC quickly identified
the pathogen of such cases as a new type of coronavirus, which the World Health
Organization (WHO) named COVID-19 on January 10, 2020 (Buonomo et al., 2008). On
January 22, 2020, the Information Office of the State Council of the People's Republic of
China held a press conference introduced the relevant situation of pneumonia prevention and
control of new coronavirus infection. Simultaneously, the People's Republic of China's CDC
released a plan for the prevention and control of pneumonitis of new coronavirus infection,
including the COVID-19 epidemic Research, specimen collection and testing, tracking and
management of close contacts, and propaganda, education and risk communication to the
public (Makridakis et al., 2018).
Wuhan, China is the origin of COVID-19 and one of the Cities most affected by it. The
Mayor of Wuhan stated at a press conference on January 31, 2020 that Wuhan is urgently
building Vulcan Mountain Hospital and Thunder Mountain Hospital patients will be officially
admitted on February 3 and February 6 (World Health Organization, 2020). By 24:00 on
February 6, 2020, a total of 31,161 confirmed cases, including 636 deaths, were reported in
the Chinese mainland, 22,112 confirmed cases, including 618 deaths, were reported in Hubei
province, and 11,618 confirmed cases, including 478 deaths, and were reported in Wuhan
city. So far, epidemic data have been difficult to apply directly to existing mathematical
models, and questions need to be addressed as to how effective the existing emergency
response has been and how to invest medical resources more scientifically in the future.
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Viruses are microscopic organisms that replicate only inside the living cells of an
organism. Coronaviruses are one of the most common families of viruses that cause
various respiratory diseases in living organisms. Forecasting the spread of coronavirus is
one of the challenges in recent times. Forecasting the pandemic with high accuracy will
help different countries prepare a plan to fight a war against the virus spread. Machine
learning techniques are extensively used for modelling real-world problems (Bontempi et

al., 2012; Harrell Jr et al., 1985). Specifically, applications of machine learning techniques
to predict diseases have been used extensively in recent times (Tang et al., 2020; Yang et

al., 2020; Shen et al., 2020).
Some of the traditional methods used in forecasting of an epidemic include time series
modelling as well as regression modelling. We have chosen some of the traditional as
well as modern machine learning techniques. Support Vector Machine technique has
been traditionally used for predictions while we have compared some of these traditional
techniques with a modern technique namely Bayesian and Linear regression. Also, we we
applied SIR model to predict the trends of virus. As there is always a great degree of
uncertainty in the prediction of pandemics we have also calculated the Mean Square
Error (MSE) and Mean Absolute Error (MAE) using the Bayesian ridge technique. The
use of polynomial regression method was to find the best relationships between the
variables present in the data. We have attempted to solve the problem of forecasting the
pandemic of COVID19 using the machine learning methods stated above.

In this thesis, we will attempt to analyze and visualize the possible trends of COVID-19. We
will also be applying epidemiological models (SIR) and Machine learning algorithms to
explain and predict the trends and severity of the disease in a country.
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2.2 Importance of Visualization
Data visualization is the portrayal of information or data in a diagram, charts, or other visual
formats. It conveys the connections of the information, data with images. This is significant
in light of the fact that it permits patterns and examples to be all the more effortlessly
observed. With the ascent of enormous data upon us, we should have the option to decipher
progressively bigger clusters of data. Machine learning makes it simpler to direct analysis, for
example, predictive analysis, which would then be able to fill in as accommodating analysis
to introduce. Since the motivation behind data analysis is to pick up bits of knowledge, data is
considerably more significant when it is envisioned. There have never been such a large
number of line graphs, bar graphs, and choropleth maps occupying the news, as
straightforward data visualizations have gotten key to conveying indispensable data about the
coronavirus pandemic to people in general. One line graph has even gotten celebrated, going
into the ordinary jargon of the pandemic. I'm alluding to the 'flatten the curve' line graph
disclosing the need to hinder the spread of coronavirus all together not to overpower human
services administrations. During this global crisis of enormous worldwide emergency, it feels
practically paltry to expound on visual portrayals of data, yet they play a key job, and the
open's capacity to understand the trends as it have never been progressively significant.
However, the advantages of data representation are just a half portion of the story. Some
contend that information representations can accomplish ideological work, privileging certain
perspectives on the world and concealing others, or propagating existing power relations. The
data on which representations are based is additionally not unbiased. Human choices impact
and shape data, just as their visual representation. Data are never 'crude': the very idea of
crude information, as Geoffrey Bowker put it, is a confusing expression. Of course at that
point, the information on which coronavirus maps, charts, and dashboards are based are
wildly challenged.
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2.3 Machine Learning
Machine learning (ML) has proved itself as a prominent field of study over the last decade by
solving many very complex and sophisticated real-world problems. The application areas
included almost all the real-world domains such as healthcare, autonomous vehicle (AV),
business applications, natural language processing (NLP), intelligent robots, gaming, climate
modelling, voice, and image processing. ML algorithms’ learning is typically based on trial
and error method quite opposite of conventional algorithms, which follows the programming
instructions based on decision statements like if-else (Lapuerta et al., 1995). One of the most
significant areas of ML is forecasting (Anderson et al., 1991), numerous standard ML
algorithms have been used in this area to guide the future course of actions needed in many
application areas including weather forecasting, disease forecasting, stock market forecasting
as well as disease prognosis. Various regression and neural network models have wide
applicability in predicting the conditions of patients in the future with a specific disease
(Bharat et al., 2018). There are lots of studies performed for the prediction of different
diseases using machine learning techniques such as coronary artery disease (Petropoulos et
al., 2020), cardiovascular disease prediction (Grasselli et al. 2020), and breast cancer
prediction (Grushka-Cockayne et al. 2020). In particular, the study (Novel et al. 2020) is
focused on live forecasting of COVID-19 confirmed cases and study (Hoerl et al., 2020) is
also focused on the forecast of COVID-19 outbreak and early response. These prediction
systems can be very helpful in decision making to handle the present scenario to guide early
interventions to manage these diseases very effectively.
Utilizing big data can also facilitate viral activity modeling studies in any country. The
analyses of results enable health care policymakers to prepare their country against the
outbreak of the disease and make well-informed decisions (Han et al., 2016).
Nevertheless, while treatment strategies, crisis management, optimization and
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improvement diagnosis methods, such as medical imaging and image processing
techniques could take benefit from AI which is potentially capable of helping medical
methods, it has not been desirably employed and well-appropriated to serve health-care
systems in their fights against COVID-19. For instance, one area that can take special
advantage of AI’s useful input is image-based medical diagnosis through which fast and
accurate diagnosis of COVID-19 can take place and save lives (Grushka-Cockayne et al.,

2020). Appropriating AI techniques to deal with COVID-19 related issues can fill the void
between AI-based methods and medical approaches and treatments. AI specialists’ use
of AI platforms can help in making connections between various parameters and speed
up the processes to obtain optimum results.

This study aims to provide an early forecast model for the spread of novel coronavirus, also
known as SARS-CoV-2, officially named as COVID-19 by the World Health Organization
(WHO) (World Health Organization, 2020). COVID-19 is presently a very serious threat to
human life all over the world. At the end of 2019, the virus was first identified in a city of
China called Wuhan, when a large number of people developed symptoms like pneumonia
(Sun et al., 2020). It has a diverse effect on the human body, including severe acute
respiratory syndrome and multi-organ failure which can ultimately lead to death in a very
short duration (Zhao et al., 2020). Hundreds of thousands of people are affected by this
pandemic throughout the world with thousands of deaths every coming day. Thousands of
new people are reported to be positive every day from countries across the world. The virus
spreads primarily through close person to person physical contacts, by respiratory droplets, or
by touching the contaminated surfaces. The most challenging aspect of its spread is that a
person can possess the virus for many days without showing symptoms. The causes of its
spread and considering its danger, almost all the countries have declared either partial or strict
lockdowns throughout the affected regions and cities. Medical researchers throughout the
globe are currently involved to discover an appropriate vaccine and medications for the
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disease. Since there is no approved medication till now for killing the virus so the
governments of all countries are focusing on the precautions which can stop the spread. Out
of all precautions, “be informed” about all the aspects of COVID-19 is considered extremely
important. To contribute to this aspect of information, numerous researchers are studying the
different dimensions of the pandemic and produce the results to help humanity.
To contribute to the current human crisis our attempt in this study is to develop a forecasting
system for COVID-19. The forecasting is done for the new projection of total number of
cases worldwide by disease for the coming 10 days. This problem of forecasting has been
considered as a regression problem in this study, so the study is based on some state-of-art
supervised ML regression models such as linear regression (LR), support vector machine
(SVM), and Bayesian Ridge Polynomial Regression. The learning models have been trained
using the COVID-19 patient stats dataset provided by Johns Hopkins. The dataset has been
pre-processed and divided into two subsets: training set (85% records) and testing set (15%
records). The performance evaluation has been done in terms of important measures
including R-squared score (R2 score), Adjusted R-squared Score (R2adjusted ), mean square
error (MSE), mean absolute error (MAE), and root mean square error (RMSE).
This study has some key findings which are listed below:
Different ML algorithms seem to perform better in different class predictions. Most of the
ML algorithms require an ample amount of data to predict the future, as the size of the dataset
increases the model performances improve. ML model based forecasting can be very useful
for decision-makers to contain pandemics like COVID-19 as its helping scientists in multiple
horizons.
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2.4 SIR Modelling
Various countries or regions and to predict key aspects of its eventual growth in order to
assist the proper planning for healthcare resources and related socioeconomic decisionmaking. Among them, dominant role is played by the SIR class of compartmental
epidemiological models, introduced about a century ago (Kermack et al., 1927), and its many
variants over the years (Kermack et al., 1927; Harko et al., 2014) that generally utilize
compartments of “Susceptible”, “Infectious” and “Removed” fractions of the population,
which are interconnected with dynamic relationships described by nonlinear ordinary
differential equations. Another commonly used approach employs linear Auto-Regressive
Integrated Moving-Average (ARIMA) models that have been popular in econometrics
( Hethcote H, 2000). From the policy-planning point of view, practical importance is attained
by predictive modeling methods that can provide reliable estimates of key parameters of the
unfolding infectious process at each point in time on an adaptive basis, as well as offer useful
insights into the dynamic structure of the infectious process. For example, such adaptive
methods can offer useful predictions of the maximum number of total infections and an upper
bound of the daily confirmed new cases for the purpose of planning the proper clinical
management of the epidemic. Furthermore, the obtained model should be interpretable in
terms of the dynamic characteristics of the epidemic process (e.g. infectivity rate etc.) in
order to assist policy planning and operational implementation. From these observations arise
two key aspects of a desirable modeling approach: (1) Suitable model form: The employed
model form must capture the essential dynamic characteristics of the epidemic process at
each time-point in a manner that is scientifically interpretable and operationally useful. (2)
Robust estimation and adaptive modeling: Robust estimation of the model parameters at each
time-point must be feasible using tested statistical methods in a manner that can detect
possible changes in the underlying modeling assumptions over time and offer the means for
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model adaptation. If these two key aspects can be secured, then it would be possible to
predict the maximum spread of anticipated infections and the maximum rate of infections (as
well as their respective timing) in order to assist rational decision-making. This paper
presents one such approach that employs an adaptive modeling/estimation strategy based on
the use of concatenated Riccati-type modules (each described by a parabolic phase-space
representation) and suitable adaptive statistical estimation methods. The potential utility of
this approach is initially demonstrated with the adaptive analysis of daily data of reported
Covid-19 confirmed cases in the US up to the present time (June 18, 2020). The extensive
literature on the subject of epidemiological modeling is not reviewed here in the interest of
space, but some basic comparisons of the proposed approach with the most widely-used SIR
class of models will be discussed. Some representative recent modeling applications to
Covid-19 data that may be of interest to the readers include: a simulation study of the SEIR
model (a variant of the SIR model that includes a compartment for “Exposed” individuals)
for Covid19 in Northern Italy (Zhao et al., 2020), a model that seeks to estimate the
transmission risk of the epidemic (Fang et al., 2020), and a model for the spread of the
epidemic in China (Read et al., 2020). There are many Covid related modeling studies that
have been posted as “preprints under review”, thus more citations will soon be available.
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CHAPTER 3: METHODOLOGY
3.1 Linear Regression
Contemporary work on grasp detection mainly spotlights the issues in detecting grasps solely
from RGB-D data (Saxena et al., 2008). These algorithms depend on the machine learning
techniques to detect a good grasp from the data. Grasp visual models are the state of the work
objects and it is well known for single object view, now not a complete bodily model. The
core problem to be addressed in computer vision is object detection (Nowozin et al., 2010).
To start with detection of pipelines usually start with decoction of available robust features
from input images (SIFT, HOG, Convolution features). Then, in the available feature space
classifiers or localizers are passed to detect objects. After that the concept of sliding window
is implemented either throughout the image or at a part of the image with the help of
classifier or localizers. In regression modeling, a target class is predicated on the independent
features (Laguzet et al., 2015). This method can be thus used to find out the relationship
between independent and dependent variables and also for forecasting. Linear regression a
type of regression modelling is the most usable statistical technique for predictive analysis in
machine learning. Each observation in linear regression depends on two values, one is the
dependent variable and the second is the independent variable. Linear regression determines a
linear relationship between these dependent and independent variables. There are two factors
(x,y ) that are involved in linear regression analysis. The equation below shows how y is
related to x known as regression.
y=β0+β1x+ε

(1)

E(y)=β0+β1x

(2)

or equivalently,
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Here, ε is the error term of linear regression. The error term here uses to account the
variability between both x and y, β0 represents y-intercept, β1 represents slope. To put the
concept of linear regression in the machine learning context, in order to train the model x is
represented as input training dataset, y represents the class labels present in the input dataset.
The goal of the machine learning algorithm then is to find the best values for β0 (intercept)
and β1 (coefficient) to get the best-fit regression line. To get the best fit implies the difference
between the actual values and predicted values should be minimum, so this minimization
problem can be represented as:

Minimize

1

g=n

1
n

∑𝑛𝑖=1(𝑝𝑟𝑒𝑑 − 𝑦i)2

∑𝑛𝑖=1(𝑝𝑟𝑒𝑑 − 𝑦i)2

(3)

(4)

Here, g is called a cost function, which is the root mean square of the predicted value
of y (pred) and actual y (yi), n is the total number of data points.

3.2 Support Vector Machine
A support vector machine (SVM) is a type of supervised ML algorithm used for both
regression and classification- (Li et al., 2019; Volpert et al., 2020). SVM regression being a
non-parametric technique depends on a set of mathematical functions. The set of
functions called kernel transforms the data inputs into the desired form. SVM solves the
regression problems using a linear function, so while dealing with problems of nonlinear regression, it maps the input vector(x) to n -dimensional space called a feature
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space (z). This mapping is done by non-linear mapping techniques after that linear
regression is applied to space. Putting the concept in ML context with a multivariate
training dataset (xn) with N number of observations with yn as a set of observed
responses. The linear function can be depicted as:

f(x)=x′β+b

(6)

The objective is to make it as flat as possible thus to find the value of f(x) with (β′β) as
minimal norm values. So the problem fits in minimization function as:

J(β)=12β′β

(7)

With a special condition of the values of all residuals not more than ε , as in the following
equation:

∀n:|yn−(x′nβ+b)|≤ε

(8)

In the place of detecting static features, the network can be implemented in a way that it finds
the features in line and shape up themselves for the identification purpose.
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3.3 Bayesian Ridge Polynomial Regression
The aim of Bayesian Linear Regression is not to find the single “best” value of the model
parameters, but rather to determine the posterior distribution for the model parameters. Not
only is the response generated from a probability distribution, but the model parameters are
assumed to come from a distribution as well. The posterior probability of the model
parameters is conditional upon the training inputs and outputs:

P(β|γ, X) =

P(γ|β, X) ∗ P(β|X)
P(γ|X)

Here, P(β|y, X) is the posterior probability distribution of the model parameters given the
inputs and outputs. This is equal to the likelihood of the data, P(y|β, X), multiplied by the
prior probability of the parameters and divided by a normalization constant. This is a simple
expression of Bayes Theorem, the fundamental underpinning of Bayesian Inference:

𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =

𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 ∗ 𝑃𝑟𝑖𝑜𝑟
𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛

Bayesian regression allows a natural mechanism to survive insufficient data or poorly
distributed data by formulating linear regression using probability distributors rather than
point estimates. The output or response ‘y’ is assumed to drawn from a probability
distribution rather than estimated as a single value.
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Mathematically, to obtain a fully probabilistic model the response y is assumed to be
Gaussian distributed around Xw 𝑋as follows:

p(y|X, w, α) = N(y|Xw, α)

(9)

One of the most useful type of Bayesian regression is Bayesian Ridge regression which
estimates a probabilistic model of the regression problem. Here the prior for the coefficient w
is given by spherical Gaussian as follows –

p(w|λ) = N(w|0, λ−1 Ip)

(10)

This resulting model is called Bayesian Ridge Regression.

3.4 R- Squared Score
R-squared (𝑅2 ) score is a statistical measure used to evaluate the performance of regression
models [34], [35]. The statistic shows the dependent variable’s variance percentage that
collectively determines the independent variable. It measures the relationship strength
between the dependent variable and regression models on a convenient 0 – 100% scale. After
training the regression model, we can check the goodness-of-fit of trained models by using
the 𝑅2 score. 𝑅2 Score finds the scatteredness of data points around the regression line which
can also be referred to as the coefficient of determination. Its score always between 0 and
100%. 0% score implies the response variable has no variability around its mean explained by

25

the model, and 100% implies that the response variable has all the variability around its
mean. The high 𝑅2 score shows the goodness of the trained model. 𝑅2 Is a linear model that
explains the percentage of variation independent variable. It can be found as:

𝑅2 =

Varianceexplainedbymodel
Totalvariance

(11)
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3.5 Mean Absolute Error
The mean absolute error is the average magnitude of the errors in the set of model
predictions (Chen et al., 2017; Bhavanam et al., 2020). This is an average on test data
between the model predictions and actual data where all individual differences have equal
weight. Its matrix value range is from 0 to infinity and fewer score values show the goodness
of learning models that’s the reason it’s also called negatively-oriented scores (Griffin et al.,
2012).

1

MAE = ∑𝑛𝑗=1 |𝑦𝑗 − 𝑦𝑗^ |
𝑛

(12)

3.6 Adjusted R-Squared Squared Score
2
The Adjusted R-squared (𝑅𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑
) is a modified form of 𝑅 2 , which also like 𝑅 2 shows how
2
well the data points fit the curve. The primary difference between 𝑅 2 and 𝑅𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑
is that the
2
later adjusts for the number of features in a prediction model. In the case of 𝑅𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑
, the

increase in new features can lead to its increase if the newly added features are useful to the
prediction model. However, if the newly added features are useless, its value will decrease.
2
The 𝑅𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑
can be defined as:

2
𝑅𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑
= 1 − (1 − 𝑅2 )

Where,

n – sample size
k – Independent variable

n−1
n−(k+1)

(13)
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3.7 Mean Square Error
Mean square error is another way to measure the performance of regression models (Du

et al., 2012). MSE takes the distance of data points from the regression line and squaring
them. Squaring is necessary because it removes the negative sign from the value and
gives more weight to larger differences. The smaller mean squared error shows the closer
you are to finding the line of best fit. MSE can be calculated as:

1

MSE = ∑𝑛𝑖=1(𝑦𝑖 − 𝑦𝑖^ ) 2

(14)

𝑛

3.8 Root Mean Square Error
Root mean square error can be defined as the standard deviation of the prediction
errors. Prediction errors also known as residuals is the distance from the best fit line and
actual data points. RMSE is thus a measure of how concentrated the actual data points
are around the best fit line. It is the error rate given by the square root of MSE given as
follows.

𝟏

𝐑𝐌𝐒𝐄 = √𝒏 ∑𝒏𝒊=𝟏(𝐲𝐢 − 𝐲𝐢^)𝟐

(15)
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3.9 Standard SIR Epidemiological Model
The standard SIR epidemiological model has three components: susceptible, infected, and
removed (including the recovery and dead). The infected cases refer to the current confirmed
cases; the removed cases refer to the recovered and death cases.

Figure 2: SIR Component Flow

The SIR model is the following system of quadratic ODEs:
𝑑𝑆
𝑑𝑡
𝑑𝐼
𝑑𝑡

=βSI−νI

𝑑𝑅
𝑑𝑡

= −β S I

= ν I,

(16)

(17)

(18)

Where the disease transmission rate β > 0 and the recovery rate ν > 0 (or in other words, the
duration of infection D = 1/ν). The bi-linear incidence term β S I for the number of new
infected individuals per unit time corresponds to homogeneous mixing of the infected and
susceptible classes. The total population size should remain constant, and this easily follows
from the SIR system: that the sum of the left hand sides of the three equations is the
derivative of the total population size and the sum of the right hand sides is zero. We denote
the total population size by N. Since R(t) = N − S(t) − I(t), the system can be reduced to a
system of two ODEs: (15) and (16). Suppose that each infected individual has κ contacts
(each sufficient for transmission) per unit time and κ is independent of the population size.
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Then κ S/N of these contacts are with susceptible individuals. If the fraction τ of adequate
contacts result in transmission, then each infected individual infects κ τ S/N susceptible
individuals per unit time. Thus β = b/N where b = κ τ. The parameter τ is called the
transmissibility of the infectious disease.
The main objective of Artificial Intelligence is to fill the communication or understanding
gap between the humans and machines. The growth of technologies in the Artificial
Intelligence has been witnessed with the invention of Convolutional Neural Network and
Recurrent neural network. Convolutional Neural Networks (CNNs) have been introduced
to perform image classification which is used to solve many real time problems. With CNN
different tasks like Voice recognition, classify objects within the given image can be
performed. Identify the environmental features like day or night with respect to the light
level, classifying the objects in the video with the help of video frames, etc.

3.10 Contact Rate

We suppose that the population can be partitioned into several collections of identical
individuals (here the “Susceptible”, “Infected and infectious” and “Removed” classes), so
that each individual in a given collection takes the same decisions as other individuals in the
same class. This implies that we can consider a “representative” individual, which is an
arbitrary individual in a given class. As we are interested in the unfold of the COVID-19
pandemic (as opposed to an endemic disease such as measles, mumps, rubella, pertussis ...)
we will consider a ﬁnite time horizon T > 0, large enough so that the epidemic is over at time
𝑇 2 . The probability of infection of the representative individual depends on both his/her own
contact rate β with the population, together with the proportion It of infectious individuals in
the population.
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More precisely, let τ denote the random infection time of the representative individual.
𝛽

His/her probability 𝑃𝑡 = P (τ ≤ t) of being infected before time t, when using contact rate β,
has the following dynamics ([36, 37]):

𝛽

𝛽

d𝑃𝑡 =𝐼𝑡 𝛽𝑡 (1 − 𝑃𝑡 ) dt, for t ∈[0, T ]

(19)

Where It is the proportion of (contagious) infected at time t, whose dynamics is driven by the
population contact rate 𝛽̅ . We assume that, while in the susceptible class, i.e., before the
(possible) infection time τ, the representative individual can choose his/her contact rate 𝛽𝑡 ∈
[𝛽𝑚𝑖𝑛 , 𝛽0] (for all t ≤ τ). Recall that 𝛽0 represents the transmission rate of the disease without
any control measures, while βmin > 0 is the lowest possible contact rate value that can be
attained by the representative individual. The eﬀorts of an individual for decreasing social
interactions, in order to lower the transmission rate of the virus from 𝛽0 to some β ∈ [βmin,
𝛽0], induce an instantaneous cost, represented by a decreasing function c: [𝛽𝑚𝑖𝑛 , 𝛽0] →𝑅 +3.
Following (Peng et al., 2020), we assume that the global cost (seen from time t = 0) of an
individual, while infected at time τ and choosing a dynamic contact rate (𝛽𝑡 ) t, is deﬁned by:

𝑡∧𝑇

C (β, τ): = ∫0

𝑐(𝛽𝑠 )𝑑𝑠 + 𝑟𝐼 1𝑡 ≤𝑇

(20)

Where τ∧T denotes for the minimum between τ and T. More precisely, when reducing his/her
social interactions on the time interval [0, T], the representative individual faces a global cost
given by the sum of:
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(i) A cost for reducing social interactions until being infected, represented by:
𝑡∧𝑇

∫0

𝑐(𝛽𝑡 )𝑑𝑡

(21)

Meaning that, if the individual is not infected during the period [0, T], his/her eﬀorts are
costly until T. On the contrary, if the individual is infected before T, his/her eﬀort are only
costly before τ.
(ii) A cost incurred at the infection time τ, deﬁned by 𝑟𝐼 1𝑡 ≤𝑇 , where 𝑟𝐼 denotes the unitary
cost of infections quantiﬁed by the representative individual, together with any other costs
that the presence in the “Infected” class implies. Note that 𝑟𝐼 is taken here as a constant which
does not depend on the pandemic evolution neither on the individual control measures that
are speciﬁc to the “Infected” class. We do not specify here the nature of these previous costs,
both have health components but may also include other types of costs (Hu et al., 2020; Peng
et al., 2020; Han et al., 2016 ). Hence, the expected cost of the representative individual, seen
from time t= 0, when using individual contact rate β while the population contact rate is 𝛽̅ , is
given by the following:
𝑡∧𝑇
C (β, 𝛽̅) := E[C(β, τ )] = E[ ∫0 𝑐(𝛽𝑠 )𝑑𝑠 + 𝑟𝐼 1𝑡 ≤𝑇 ]

(22)

Where the distribution of τ is given by (19) and thus indirectly driven by 𝛽̅ . In order to
determine his/her optimal contact rate β∗while the population rate driving (𝐼𝑡 )𝑡 is 𝛽̅ , the
representative individual faces the following minimization problem:

min C (β, 𝛽̅ ),
β∈B

(23)

Where the set B of admissible contact rate strategies is deﬁned by:

B: = {β: [0, T ]→ [βmin, β0], β measurable} (24)

32

CHAPTER 4: IMPLEMENTATION
4.1 Informatics on COVID 19
This section provides visual exploratory data analysis on COVID-19 using a number of
vertical bar charts and pie charts. Python language is used to generate the charts. Firstly, we
presents the spread of COVID-19 cases on global level across the world (Liu et al., 2020).
After preprocessing the dataset based on total number of confirmed cases, deaths and
recoveries, we got an understanding and furiousness of the spread. Then to made date more
sensible I smoothed the total cases for each category Fig [3(a, b, c, d)].

Figure 3: (a)
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Figure 3: (b)

Figure.3 (c)
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Figure.4 (a)

Figure.4 (b)
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Figure.4 (c)

Figure.4 (d)
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Next we preprocessed the dataset to plot the cases in particular to countries based on daily
change in dynamics for confirmed cases, number of deaths and recoveries. It also helped us
depicting hard a country got hit by COVID 19. Visualizations for USA, Ireland, India, Italy,
UK, Russia respectively has been shown below:

USA:

Figure.5 (a)
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Figure.5 (b)

Figure.5 (c)
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Figure.5 (d)

Ireland:

Figure.6 (a)
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Figure.6 (b)

Figure.6 (c)
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Figure.6 (d)

India:

Figure.7 (a)
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Figure.7 (b)

Figure.7 (c)
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Figure.7 (d)

Italy:

Figure.8 (a)
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Figure.8 (b)

Figure.8 (c)
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Figure.8 (d)

UK:

Figure.9 (a)
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Figure.9 (b)

Figure.9 (c)
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Russia:

Figure.10 (a)

Figure.10 (b)
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Figure.10 (c)

Figure.10 (d)
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In continuation to visualizing the cases separately, respective countries have been plotted
against time on a single graph for better understandings.

Figure.11 (a)

Figure.11 (b)
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Figure.11 (c)
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4.2 Model
After the initial data preprocessing step, the dataset has been divided into two subsets: a
training set to train the models and testing set. The learning models such as SVM, LR and
Bayesian Ridge Regression have been used in this study. These models have been trained on
the days and newly confirmed cases, recovery, and death patterns. The learning models have
then been evaluated based on important metrics such as R2 -score, R2adjusted score MSE,
RMSE, and MAE and reported in the results. The proposed approach used in the study has
been shown as a block diagram:

Figure.12 Flow of Model
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4.3 Implementing different Models for Forecasting
Polynomial regression is a quadratic form of linear regression (Zhao et al., 2020). The
advantage of using polynomial regression is to overcome the dependency between variables
which may not be linear (Wirth et al., 2000). Fig. 12 depicts the architecture of the
polynomial regression-based system used in this experiment. We have used the 5th-degree
polynomial regression. The decision to implement 5th-degree polynomial regression was
taken as the curve was able to fit the data precisely. The tradeoff between bias and variance
was minimum in the 5th-degree polynomial regression prediction. Fig. 12 depicts the
architecture of the polynomial regression-based system used in the experiment.

Figure.13 Flow of Linear Regression

SVM is a classical machine learning algorithm used for making predictions. We have used
the Rough Set (RS) Attribute Reduction SVM. The RS is used as an anterior preprocessor of
SVM to cut down the complexity of SVM. This method increases the accuracy of the
prediction. The major idea of the RS based SVM algorithm is to reduce redundant and
irrelevant information. Fig. 13 represents the architecture of the RS based SVM system used
in the experiment. It follows a heuristic approach and is classified under greedy algorithms.
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Figure.14 Flow of Support Vector Machine

For Bayesian ridge regression, the complexity of the degree was raised to be 4.
RandomizedSearchCV()

to

find

possible

parameters

for

bayesian_search,

then

bayesian_search.best_params_ is called to find and lock the best parameters for Bayesian
ridge. All the datasets are split into train and test sets by 80:20 ratio by using
train_test_split().

4.4 SIR-Ploy modelling:

The model is defined as follows:
Susceptible (S): The individual hasn’t contracted the disease, but she can be infected due to
transmission from infected people.
Infected (I): The individual has contracted the disease.
Recovered/Deceased (R): The disease may lead to one of two destinies: either the person
survives, hence developing immunity to the disease or the person is deceased.
β is a parameter which gives the rate of transmission of the disease from one person to
another. It is determined by the chance of contact and the probability of disease transmission.
γ is a parameter which expresses the rate of recovery in a specific period.
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Once the people are healed, they get immunity. The people who die by natural death are not
considered. D is assumed to be the number of days taken to recover from the infection. It is
derived from γ. R0 is the basic reproduction number of the disease. It gives the average
number of people affected by another person. It is used to estimate the Herd Immune
Threshold (HID).

4.5 Hardware and software specifications:
Reading Data and making out trends with naked eyes is difficult. But to make the machine
boot the loaded data then process it by implementing ML algorithms in order to make
prediction is even more complex. In order to make it possible Python as a source code has
been used. Python is an open source language that is used mainly for statistical and data
analytics purpose. It has various packages and libraries inbuilt that can be used for this
research. The ease of coding and understanding the bug and tracing the bugs are easier in
python. That is major reason behind choosing python as base coding language. The
implementation was done in Google Colab due to its ease in getting the packages availability
and computational speed. The terminal is inbuilt. It is platform independent and can be used
in any Operating system, even installation is also not required.
Editing, building and debugging the code is a lot easier. It is easy to integrate with other tools
to perform tasks that happens on daily basis. It is very robust and has extensible architecture
so any type pf coding language can be written and executed.
Since we have more support and compatibility of software in Linux, we suggest using Ubuntu
but I Google Colab is OS independent so it’s okay to use any environment.
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The NVIDIA drivers as follows,
1. Display Drivers
2. Internet
Development software:
1. Anaconda Python 2.7 and 3.5 2.
2. Visual Studio Code
3. Google Colab
When it comes to workstation hardware, we have multiple choices.
GPU, CPU, RAM and Hard Disk are the very important hardware required to perform any task.
Hardware specifications – Microsoft Azure – NC series+, CPU Xeon Platinum / Xeon W –
18/24 Core RAM 256GB HDD
As required GPU Basic Tier: 3X GeForce RTX 2080 Ti, Titan RTX Mid-Tier: Quadro RTX
8000
High-end: Quadro GV100”
As these graphic cards are primarily used for gaming.
The Quadro graphics card can be scaled later, if required using NV-link.
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CHAPTER 5: EVALUATION
5.1 Results
This regression model is evaluated on the basis of mean absolute error (MAE), mean squared
error (MSE), root mean squared error (RMSE), and R2 score. It is calculated by using SVM
predicted value against the test dataset. MAE = 90745.4378, MSE = 15457583312.1607,
RMSE = 124328.52795, and R2 = 0.8273. (Fig 15)

Figure. 15 - SVM prediction
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5.2 Evaluation of Polynomial Regression

This model is evaluated based on mean abssolute error (MAE), mean squared error (MSE), root
mean squared error (RMSE), and R2 score. It is calculated by using Polynomial Regression
predicted value against the test dataset. MAE = 60597.00667, MSE = 7055687107.96214, RMSE
= 83998.13752, and R2 = 0.90769. (Fig 16)

Figure.16 - Polynomial Regression Prediction
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5.3 Evaluation of Bayesian Ridge Regression

This regression model is evaluated based on mean absolute error (MAE), mean squared error
(MSE), root mean squared error (RMSE), and R2 score. It is calculated by using Bayesian Ridge
predicted value against the test dataset. MAE = 53659.525617, MSE = 5172591875.231913,
RMSE = 71920.733277, and R2 = 0.93213. (Fig 17)

Figure. 17 - Bayesian Ridge Regression Prediction
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5.4 Evaluation of Mortality Rate and Recovery Rate

Over the period of the months, the mortality rate has been fluctuating up and down. To take a
better measure to take mean of the mortality rate with the help of NumPy. To ease any large
jumps, the Mean Mortality rate now is y=0.0372331490, as shown below (Fig 17). The mortality
rate is slowly increasing, which could prove harmful.

Figure. 18 - Mortality Rate over Time

Like the mortality rate, the Recovery rate has also been changed over time. Similar to the
mortality rate, the mean is taken of all the recovery rate. Mean Recovery rate now
y=0.249286477, as shown below (Fig 18).
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Figure. 19 - Recovery Rate over Time
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5.5 Contact Rate Optimization

An effective contact is defined as any kind of contact between two individuals such that, if one
individual is infectious and the other susceptible, then the first individual infects the second.
Whether or not a particular kind of contact will be effective depends on the infectious agent and its
route of transmission. The effective contact rate (denoted β) in a given population for a given
infectious disease is measured in effective contacts per unit time. This may be expressed as the
total contact rate (the total number of contacts, effective or not, per unit time, denoted γ),
multiplied by the risk of infection, given contact between an infectious and a susceptible
individual. This risk is called the transmission risk and is denotedƿ. Thus:
β= γ∗ ƿ
The total contact rate, γ, will generally be greater than the effective contact rate, β, since not all
contacts result in infection. That is to say, ƿ is almost always less than 1 and it can never be
greater than 1, since it is effectively the probability of transmission occurring.

Figure. 20 - Contact rate over time
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5.6 Implementing SIR modelling

Now we will be running optimization to fit a few actual datasets to our SIR Model. Our target
variables for optimization are beta (contact rate) and gamma (transition rate).

Figure. 21 - Contact rate over time for INDIA

Figure. 21 - Contact rate over time For Ireland
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Figure. 22 - Contact rate over time For USA

Just from the above samples, we can quickly see that a basic SIR model is insufficient to model
the spread of COVID-19. One obvious problem is that we assume a static contact rate and
transition rate through the entire course of the disease. In practice (and as we have all seen
firsthand), the spread of this disease has led to large changes in societal behavior, such as social
distancing, self-isolation, and closure of public spaces. These changes naturally affect the rate of
spread, creating a feedback loop. As a simple improvement, let's define the contact rate as a
function of active cases to at least represent some basic change in behavior as the disease spreads.
Let Xi be active cases per thousand and βi be the contact rate at a point in time i .

𝐼𝑖

Xi=( )×1000
𝑁

βi=βaXi+βb

63

Figure. 23 - Contact rate over time for INDIA

India
beta A: -0.1310, beta B: 0.1078, gamma: 0.0570
RMSE: 30507.56, RMSE per 1000: 0.027852

Figure. 25 - Contact rate over time for Ireland
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Ireland
beta A: -0.4654, beta B: 0.5140, gamma: 0.0722
RMSE: 1638.56, RMSE per 1000: 0.403365

Figure. 26 - Contact rate over time for USA

USA
beta A: -0.0330, beta B: 0.1624, gamma: 0.0106
RMSE: 478833.39, RMSE per 1000: 1.604432

We are going to extend on the idea above in using a traditional SIR model and allowing the
coefficient for contact rate to be set dynamically. Now, instead of defining this value with a
polynomial function, we will use an ML regression model to predict contact rate at each time step.
Conveniently, we can compute the contact rate directly from the COVID-19 time series data
provided. So our prediction target at each time step is:

yi = βi = (

𝑐𝑜𝑛𝑓𝑖𝑟𝑚𝑒𝑑𝑖+1 − 𝑐𝑜𝑛𝑓𝑖𝑟𝑚𝑒𝑑𝑖
𝑆𝑖 𝐼𝑖

)𝑁
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Our input feature set will be a combination of dynamic features (number of active cases, local
temperature, active containment policies, etc.) and static country features (population density,
GDP per capita, major industries, etc.) These will be concatenated, normalized, and compressed to
form a single numerical feature vector Xi at each timestamp. This gives us a very simple goal of
learning a function f to predict:

yi^=f(Xi)
However, we will assume that the true contact rate is a fairly smooth signal. The noise here likely
comes from administrative inefficiencies, batch data processing, delayed reporting, etc. To
account for this, we will do temporal smoothing on the raw calculated values for contact rate.

Figure. 27 - Predicted and smoothed Contact rate over time for Ireland over Raw Data
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5.7 Covid 19 effects on Mobility

We are going to use the COVID-19 Google mobility report dataset as a representation of public
activity, social behavior, and the effect of containment/mitigation policies.

Figure. 28 - Change of Patterns due to COVID 19

5.8 Testing Rate

We are going to use the COVID-19 dataset by OWID for information on daily testing rates across
different countries. While certainly incomplete, this gives us a simple indicator to represent the
progression of each country's medical preparedness and response.

Figure. 29 - Testing rate of COVID 19 in Ireland
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Finally, we are going to format this data for easy consumption by an ML model. We will
concatenate input features, then stack the data from each country to form a single dataset. We will
train and evaluate multiple regression models (SVM, Random Forrest). For each model, will do a
grid search for parameter optimization, with k-fold cross-validation at each possible parameter
combination. Let's see visually and compare the smoothed contact rate with our SVM predicted
values.

Figure. 30 - Contact rate after smoothed of COVID 19 in Ireland

5.9 Discussion

Forecasting any pandemic is a tedious process with many trial and error processes throughout the
research process. As the dataset is ever-changing, and it is challenging to fit the models every
time, and there are slim chances of never working out. There could be any pandemic next time, for
this easily accessible data and information are equally necessary to start checking the need and
understanding risks. This knowledge and knowing the consequences are needed to assess the risk
and take control of the situation. As WHO announced on 22nd April 2020, COVID-19 is going to
be in the society for the better part of the rest of the year. Hence, this study tried to give out some
insights by analyzing real-time datasets and forecasting the probable cases to let people know how
critical this virus is.
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As the dataset is evolving daily, Government measures imposing lockdowns, evolving of the virus
itself could make a difference in the future predictions. At this point, we have shown the benefit of
modeling a dynamic growth rate for disease forecasting. Meanwhile, we can also clearly see that a
simple model like SIR-poly is not expressive enough to handle the diverse variety of country data
we are throwing at it. I think we have now made an adequate case to introduce some machine
learning techniques. Time to bring on the buzzwords...
Part of the research, I tried to incorporate many factors that would have to increase the model
efficiency and accuracy. But due to inadequate resources and time crunch, I could not include
these factors, such as the number of hospital beds, healthcare professionals, the number of
hospitals, etc. This study will help to forecast the number of COVID-19 cases, mortality rates, and
recovery rates all around the world.

Table 1 Forecasted numbers of COVID-19 patients all around the world

Date

SVR
Predictions

Polynomial
Regression
Predictions

Bayesian Ridge
Regression
Predictions

18/7/2020

14176097.0

13566965.0

13099352.0

19/7/2020

14402688.0

13727177.0

13260407.0

20/7/2020

14631824.0

13884057.0

13421900.0

21/7/2020

14863520.0

14037248.0

13583809.0

22/7/2020

15097791.0

14186376.0

13746114.0

23/7/2020

15334650.0

14331052.0

13908794.0

24/7/2020

15574112.0

14470876.0

14071827.0

25/7/2020

15816191.0

14605432.0

14235192.0

26/7/2020

16060902.0

14734288.0

14398868.0

27/7/2020

16308258.0

14856999.0

14562831.0
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Table 2 Comparison between Prediction models

SVR

Polynomial
Regression

Bayesian
Ridge
Regression

MAE

90745.437886391

60597.00667960047

53659.52561778738

MSE

15457583312.16071
9

7055687107.962194

5172591875.231913

RMSE

124328.5297595074
1

83998.13752674636

71920.73327790751

R2
Score

0.827330196048732
7

0.9076913883959159

0.9321396159485351

If you look at Table 1, you can see there is a comparison between prediction models based on the
evaluation measure of regression like mean absolute error, mean squared error, root mean
squared error and R2 score. The lower the RMSE value is, the better the model performs. The R 2
score lies between 0 and 1, i.e., 0 being the no fit and 1 being the best fit model. As you can see
from Table 3, the Support Vector Regressor has the lowest R2 score = 0.8273 among the three
and the highest RMSE value = 124328.5297 amongst the three models, which tells us that the
Support Vector Regressor is the least preferred model to choose from.
While Bayesian Ridge Regression has the highest R2 score = 0.9321 and the lowest RMSE value
= 71920.7332. Hence, the best model in this study was found to be the Bayesian Ridge
Regression model to predict COVID-19 cases all around the globe.
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CHAPTER 6: CONCLUSION AND FUTURE WORK
6.1 Conclusion:
The deadly novel coronavirus termed as SARS-CoV-2 has caused thousands of deaths across the
world since December 2019. This COVID has been declared as a pandemic and the whole world
was not in more danger after World War II. Since no vaccine or antiviral treatment is available,
the WHO has recommended that infection should be avoided by frequent hand washing, social
distancing, keeping unwashed hands away from the face, and covering coughs and sneezes with a
tissue or inner elbow. Since the number of confirmed cases and deaths are increasing every day,
and the virus hotspot has changed several times, it is very difficult to completely describe the
nature of COVID-19 with current data. Still this work provides data analytics and data
visualization to descry different aspects of the disease using the currently available datasets.
This research study concludes that forecasting the COVID-19 pandemic can be done by using a
regression model to predict future cases and take a better stand and be prepared for what is yet to
come. Thus, from the analysis and evaluation of the Support Vector Regressor, Polynomial
Regression, and Bayesian Ridge Regression individually, the Bayesian Ridge Regression model
performed the best having a R2 score of 0.9321 and RMSE value of 7190.7332 among other
models.
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6.2 Future Works:
Different studies have used a classification algorithm to predict the chances of dying of an infected
person by its health, age, sex, and many other factors. This study can be extended by incorporating
multiple factors like a number of hospital beds, level of the healthcare system and professional
workers, area/region, lockdown measures, social distancing, government plans, etc. Also,
researchers can look into previous medical records and can prevent the person from getting
infected. The results are useful in predicting the spread of any epidemics or pandemics for any
country or the whole world and containing it. The challenge in the analysis of this data set is that it
is growing by the day and the number of cases is increasing exponentially. Several future works
include the deployment of a combination of neural networks with traditional machine learning
techniques.
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APPENDIX

This part would help to go through the parts of code in Python. It can anytime help to
regenerate the code whenever required and supports the documentation as well. The artifacts
submitted have three subfolders namely, Python scripts, CSV Files and Visualizations.
1.

PYTHON SCRIPTS: This folder contains three python files namely:

a)

Forecasting and Analysis of COVID-19.py: It is the code for executing the Machine

learning algorithms and prediction.
b)

Flourish_script.py: It is the code used to clean and stage the dataset for Time-lapse

Dashboard.
c)

Covid_19_clean_complete.py: It the code used to clean and combine the data for

Flourish Script.
2.

CSV Files: This folder contains the following artifacts:

a)

Countries of the world.csv: It is a csv which contain common details about all the

countries in the world.
b)

Covid_19_clean_complete.csv: This is the csv which contains cleaned data for Covid.

c)

Flourish_data .csv: This csv contains final staged data for flourish dashboard.

d)

Global_Mobility_Report.csv: This csv contains details about countries and Mobility.

3.

VISUALIZATION: This folder contains Graphs and plots obtained in this study.
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