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Abstract

Objectives: To develop a reliable mathematical model in order to predict
the evolution of various epidemiological factors and parameters for COVID-19
across the globe. Methods: A novel dynamic Susceptible- Exposed-Infected-
Recovered-Died (SEIRD) model is proposed in this research. The proposed,
two-step approach assumes the infection rate which is dependent on time,
to estimate the evolution of various variables of the model. In the first step,
parameters like clinical and transmission are estimated, whereas in the second
step, simulation of the model is done to predict the outbreak. Findings: Making
use of this model, the total number of people who are likely to be afflicted
by an infectious disease in a closed population over a period of time can
be computed theoretically. Novelty: The proposed model results into low
computational complexity since it is deterministic in nature. Secondly, SEIRD
model equations are solved in frequency domain that converts the integral-
differential equations into simple algebraic equations. This further reduces the
computational burden.
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1 Introduction

It is very critical to model the time evolution of an epidemic especially the COVID-19
pandemic . The current models collectively describe the outbreak of the pandemic
in a population making use of a restricted number of collective variables. Besides,
typically, the number of parameters is very small. SEIRD models ® sub epidemics wave
models, Richard models, Generalised Richards models, generalised Growth models,
Logistic models, Susceptible-Infectious-Recovered (SIR)® models are the ones they
include. The so-called compartmental models class include SIR model assumption for
the spread of COVID-19 in different communities ®>SEIR and other similar models.
Several mathematical techniques and methods were conducted to simulate the spread
of COVID-19 in various countries.

In this research we have created a SEIRD model for an infectious disease. Making use
of this model, the total number of people who are likely to be afflicted by an infectious
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disease in a closed population over a period of time can be computed theoretically. The model is divided into three groups.
S(t) is the number of susceptible people at any given time, I(t) is the number of infected people at any given time, and R(t) is
the number of recovered people at any given time. As indicated by the variable function ‘t, this model functions dynamically
and it is possible for the number of people in each of the three compartments to alter over time. The basic mathematical model
that we have selected is the dynamic SEIRD model. The assumption is that the rate of infection decreases with passage of time
due to the several measures that the government enforces such as mandatory lockdown and social distancing as these work as
mitigation measures. An estimate of the model parameters is made based on the real data by optimizing the model using the
actual data as the initial step of the analysis. Next, the parameters that are evaluated are utilized to simulate the forecast. Taking
this into account, we feel that there is a need for a software program that will address this issue. We have built this model in R
language.

Various researchers have worked on modelling the spread of corona ®~1®), The contributions of this research lie in proposed
deterministic model resulting into low computational complexity and allowing the better calibration of the model. Low
computational complexity and better calibration of the model parameters is not achievable with stochastic model that has
been proposed by many other researchers. The performance of the proposed model is compared with the Jenkins modelling
procedure!®). The other novelty of this research paper lies in the method used to solve SEIRD equations. SEIRD model
equations are solved in frequency domain that converts the integral-differential equations into simple algebraic equations. This
further reduces the computational burden.

2 Methodology

Predictive analytics is an area of data analytics that specializes in improved predictions utilizing data gathered from the past
and making use of analysis techniques which encompass statistical and learning approaches. The primary goal of predictive
analytics is figuring out the existence of patterns in the input data and foreseeing possible events. There are three fundamentals
of predictive analytics. They are statistical analysis, predictive modelling and machine learning. Significant abilities of predictive
analytics are predictive modelling, statistical analysis, logistic model and linear regression. Choice of the most suitable predictive
models and algorithms plays a significant role in arriving at decisions and gaining insights that are efficient and useful. It is
crucial to define the problem clearly and collect data with care in order to develop a model that will be able to foresee accurately.

A combination of clinical data parameters and claims is used for most analytical goals. An example of hospitals is a point in
case. Hospitals are keen to know how many patients are likely to require admission in intensive care units for a specific period
so that the hospitals can set up the required number of beds. Models like these help with such predictions and provide valuable
information to hospitals in different countries. The choice of an appropriate model depends on the type of questions that need to
be answered and once the information is gathered, how optimization can be undertaken making use of the predictive algorithms.

The proposed model results into a low computational complexity since the model is deterministic in nature. Many researchers
have used stochastic model that requires more data which in turn increases the computational burden. Another advantage of
the proposed model is that the model parameters can be calibrated. The model can also be analysed and interpreted using the
theory of ordinary differential equations
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Fig 1. Various Blocks in SEIRD Model
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Figure 1 depicts various blocks related to the SEIRD model. Various predetermined values of various parameters as depicted
in the block diagram are:

a.  Suscep- (S) : Susceptible people are the individuals who have never been contaminated with, and consequently have no
tible resistance against COVID-19
b. Exposed (E) : Exposed individuals are those who have been contaminated with COVID-19 but are not yet infectious to
others.
c. Infec- (I1) : Individuals with mild infections
tions
d. Infec- (I2) : Individuals with severe infections
tions
e. Infec- (I3) : Individuals with critical infections
tions
f.  Recov- (R) : Individuals who have recovered and are assumed to be immune from covid-19
ered
g. Died (D) : Individuals who died due tocovid-19.

There are two datasets used in this experimentation !°). The first dataset is the COVID-19 data repository created by the
Center for Systems Science and Engineering (CSSE) at Johns Hopkins University ). It consists of COVID- 19 data collected
from various countries. The country code-wise number of confirmed, deceased and activated cases is given in the dataset.
The second dataset used is from Government of India covid-19 website. This dataset has given covid-19 status with respect to
different states of India. It has the information of total no.of cases, active cases, recovered cases and number of deaths.

A model based on mathematics to simulate the spread of infectious diseases was developed by Kermack et al. ?!). The
models that were developed early on classified the population as susceptible, infected (infectious) and recovered (SIR) ) model
assumption for the spread of COVID-19 in different communities. With the evolution of the models, more complicated,
compartmental models were developed along with stochastic transmission models etc. Each new pandemic or epidemic brings
about newer techniques for mathematical modelling. Now, computer software that includes machine learning is also being used.
There are three significant genres of infectious disease models. They are models based on:

« Statistics
o Mathematics or mechanistic state space
o Empiricism or machine learning based

The models for infectious diseases used for the purposes of this research are based on mathematics and statistical tools used
here have become an intrinsic part of the inputs that are fed into the mitigation measures. These models make it possible for us
to test different strategies used in simulations before they are applied to the actual population. Multiple assumptions are made,
and many sources of data are tapped into when using these mathematical models for infectious diseases.

The forecasts of the model using virtual data and based on assumptions should be relevant to the real world and the model
has to be as close to reality as possible. It is not possible to derive robust forecasts based on assumptions that are either incorrect,
or vague or not complete. All effort made in the direction of simplifying, approximating, idealizing and abstraction results in
all the models being part descriptions of the procedures that operate in reality. Hence, how robust each model is, has to be
evaluated on the fact as to whether the assumptions made by the model relate to reality or not. Many a researcher in India has
tried to model this dynamic pandemic mathematically right from the beginning. An analysis done on these models as regards to
India showed many differences in terms of forecasts, assumptions, the mode of transmission, the effect different interventions
have on the disease or the health care service, etc.

A survey of the current literature on this topic showed that no review of available models has been done. This study has
been undertaken as a means to fill this gap by reviewing the existing mathematical models that were utilized to forecast the
behaviour of the Coronavirus disease (COVID-19) in the context of the world narrative and to evaluate the correlation between
the predicted cases and the actual values of the cases the world over. An in-depth research plan comprising two steps was
developed and adopted. To begin with, multiple searches through various databases such as Google scholar, BioRxiv, Medrxiv
and Medline were conducted. Any documentation or papers submitted to any of these databases on the subject of COVID were
researched in detailed. The research was conducted until as recently as 10:00 am on June 16, 2021 (IST). The next step was
searching for articles on COVID manually and also contacting reputed modellers to check for unpublished material based on
data on COVID from all over the world.
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Data that was mined from GitHub was used to develop the following variables: software used, the kind of mathematical
models, the profession of such modelers, whether they had studied the effects of the lockdown, what type of assumptions their
models were based on, the crest of the infected numbers and what kind of data they used as well as the source of such data.
The primary measures of the summary were the predicted number of COVID cases and the rate of the peak infection. Given
that the data used as input for such models was from various sources, variations in the predicted numbers were expected. Such
variations were due to the type of mathematical model used, and the assumptions that the model was based on. Coefficients of
determination were used to explore the relationship between the predicted numbers and the actual value. Data that was pulled
up from 30 different research articles revealed that researchers had started modelling on the public domain data as far back
as March 21, 2020. The methods used by these researchers were also different. A study of the different types of models that
was conducted shows that about 56% of the studies used the SEIRD model or a variation thereof. Table 1 depicts the various
assumptions made by different models regarding R Naught or RO, the period of infection, the time taken for recovery, the serial
interval, etc. What can be inferred from this data is that researchers have used the data available on multiple public platforms
around the world for deriving their models.

Last updated: 16.06.2021 - 18:56 UTC

Mexico
Confirmed: 2459601
Deceaszed: 230428

¥ Estimated Recoveries: 2190231
Active: 38042

V Leaflet | @ OpenSireeiiap contributors, CC-BY-SA, Map € 1887-2021 HERE

Fig 2. Confirmed, Deceased, Estimated, Recovered and Active Number of Cases

In this study we have used the R language and RStudio software for developing the required graphs, measured the peak values
and found out the RO value by changing the parameters in the simulation run-time. In Figure 2 with the help of extracted data,
we built a leaflet map to show the number of Confirmed, Deceased, Estimated, Recovered and Active Number of Cases of
various countries.

3 Numerical Model and Method

From Figure 1, a time dependent model is created. In this model the population N is classified into sub-population of susceptible
(S), Exposed (E), Infectious (I=I1+I2+13), Recovered (R) and Died (D) for all times t.
N=S+E+I+R+D

%:—(ﬁlx[l—ﬁZxIZ—ﬁ3xI3)xS (i)
‘%:(ﬁl><11+[32><12+/33><13)><S—a*E (ii)
% :—(y1+[31)*11 (iif)

di 2 . . :
S =BUII- (2+BY)12 (iv)
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di 3 . X

W:ﬁZsz(y3+E)13 )

%:y1*11+q/2*12+7/3*13 (vi)
dD
— =pu*l3 i
o u (vii)

With initial conditions [S(t0), E(t0), I(t0), R(t0), D(t0)] = [S0, EO, 10, R0, DO] for some initial time t0.

The o parameter is the rate of progression from exposed block to the infectious block. i.e., the rate of incubation. Parameter
B is the infection rate, i.e., the probability per unit time that a susceptible individual contracts the disease when coming into
contact with a person who has been infected. Parameters y and u denote the recovery and death rates respectively©.

3.1 Dynamical Model

The current research presents a dynamical model which is the SEIRD type. RStudio was used to implement the SEIRD
simulations. Now to make the model more reliable and accurate to actual predictions we have added the following clinical
terms into our SEIRD model. All the below reference values are taken from figure 1, table 2, table 3 and table 4.

a =1/(Incubation Period)

Y= (1/Duration Mild Infections) x Fraction Mild

B 1 = (1/DurationMild Infections)-y1

B2=(1/Duration Hospital) x (Critical Fraction)/(Critical Fraction+Severe Fraction) )

¥2=(1/Duration Hospital) - 2

U=(CU Duration of Time) x (CFR/Ceritical Fraction)

Y3=(ICU Duration of Time)-u

whereas CFR is the Case Fatality Rate.

3.2 Parameter Estimation

The input data needed for the SEIRD model is time series data of prior dates from March 25, 2020 to June 16, 2021 and the
population size(N=2200000), Initial infected cases were 1000.

A typical dataset for COVID-19 is made up of a daily number of four different types of cases, namely, cases that are confirmed,
the number of recovered cases, the number of active cases and the number of cases that have deceased. The number of cases
that are active is extracted from the data available by deducting the cases that have recovered and the cases that are deceased
from the cases that are confirmed. The variables in the model have five different types of populations, namely, a population that
is susceptible, a population that has been exposed, a population with an active infection, a population that has recovered from
the infection, and finally, the population that is deceased. The unknown parameters of the model such asS0, 81, 82, 33, o, 7,
and p are determined from the time series data.

In Figure 3, we have made use of logarithmic graphs. As we are aware that on a linear scale graph, the rate of growth keeps
increasing and it is possible for the line to become almost vertical and seem to be tending to the Y axis. This could lead to the
impression that mitigation measures such as social distancing and other public measures are not benefitting the population. In
the meantime, on a logarithmic scale, numbers on the Y-axis do not increase in equal increments. Instead, each interval moves
up by a set factor. As an example, 10 could be a factor of any of the following numbers such as, 30 or 450 or 4,500 etc.

4 Results and Discussion

The proposed computational model has been validated against real data for COVID-19 outbreak in Italy. The predictions of
the proposed model were compared with actual data and found to be in very good agreement. The model was also applied to
Indian scenario and the predictions were with error less than 10 percent for the span between March 2020 and January 2021.
The comparative analysis of the proposed model was done with the stochastic model proposed in ') for forecasting the spread
of Covid -19 pandemic in Ethiopia. It was found that both the models performed well in predicting the cases. However, the
proposed model is computationally less expensive than the model in'® as it is deterministic one. Stochastic models require lot
of parameter settings and data. Deterministic models are easy to interpret too.
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Fig 3. Evolution of cases since outbreak in logarithmic graph

The model considered in this study is fairly simplistic and does not take into account important factors such as possible
overloading of the healthcare system, mitigation efforts, behavioural responses to the epidemic, etc. There are more sophisticated
and realistic epidemic models that may be able to predict the spread of COVID-19 and the long run number of deaths better than
the model studied here. However, those models usually have even more parameters, so one may worry that their Identification
would be even more troublesome. The model used in this study requires only three parameters to be estimated; whereas, the
statistical model used in?? requires estimation of more than ten parameters. The novelty of this study lies in the frequency
domain approach that used to solve the SEIRD equations. Use of frequency domain method transforms the integral differential
equations into simple algebraic equations. This reduces the computational burden in forecasting the pandemic spread.

Model Simulation Results

The evolution of the variables in the model is calculated by solving the set of differential equations by using the clinical,
transmission and intervention parameters are mentioned in Table 1 and Table 2.

Table 1. Clinical and Transmission Inputs given to SEIRD Model

Clinical Parameters Case-1I/P Case-2I/P Transmission Parameters Case-11/P  Case-21/P
Incubation Period 11 5 Mild infections 0.5/day 0.5/day
Mild infections 8 4 Severe infections 0.25/day 0.25/day
Severe infections 15 41 Critical infections 1/day 1/day
Critical infections 6 22

Death rate critical infections 40 80

Hospital stays severe infection 5
ICU stay critical 8

Table 2. Intervention Inputs given to SEIRD Model
Intervention Rate I/P

Reduction in transmission from mild infections 30%
Reduction in transmission from severe infections 1%

Reduction in transmission from critical infections 5%

Figure 4 and Figure 7 illustrates predictive value of RO that tell us the average number of people that a single sick individual
infects an entirely susceptible population. Figure 5 shows SEIRD values on algorithmic graph. Figure 6 and Figure 8 shows
intervention parameters on a simple and logarithmic scale.
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5 Limitations

This model works well for a population that is homogeneous and does not migrate. It can be noted in two of the examples that
initially the value of the conditions for the arrangement of standard differential is zero. Given such a case, the algorithm for
optimization falls flat and the boundaries that have been assessed are equal to the initial values that were guessed. In some of
the other cases there has been a second wave in the number of infected cases. In this case the improvement calculation gives
unphysical results additionally.

6 Conclusion

The primary focus of this study is the proposal of a SEIRD model. Moreover, we have researched two varying infection rate
functions that can be used for analysing the evolution of the COVID-19 outbreak ?for any given population N. It is our
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firm belief that it is possible to adapt the proposed model to observe different infected cases, recovered cases and cases that
are deceased during the various stages of the pandemic. It is for this reason that we have simulated the model by extending
the incubation period from 5 days to 10-20 days. We then noted what effect that had on the duration of the simulated
COVID-19 model. Moreover, making use of this model, we have been able to predict the value of RO. The proposed model
is deterministic one and that is why it is computationally less expensive compared to existing stochastic models. Estimating the
model parameters is a challenge in Covid-19 situation. The parameters are likely to vary on a day to day basis. The proposed
deterministic model requires almost 50 % less parameters to be estimated compared to stochastic models that reduces the
computational burden. Accuracy wise both deterministic and stochastic models perform equally well but deterministic models
are computationally less expensive than stochastic models.
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