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Abstract In the last 3 years, mathematical modelling and computational simulations have been used to discuss and estimate key
transmission parameters of the spreading COVID-19 pandemics. There are several major factors that have played a crucial role
in controlling this disease. These factors include contact tracing, rapid testing, and vaccination programs. In this study, we use a
developed model to understand the impact of vaccination strategy on the spatiotemporal pattern dynamics of the COVID-19. We
consider a system of diffusion equations of the spreading COVID-19 with vaccinated individuals. Accordingly, we apply the local
sensitivity techniques to identify the model critical parameters. Computational results show spatial distribution of individuals for
different initial states and parameters to show association between vaccination and COVID-19. It can be noticed that the spatio-
temporal distribution of the recovered individuals appears to be reduced by the increased vaccination rate, as evident in three
different normalization results of local sensitivity. Interestingly, the vaccination and contact tracing rate can effectively reduce the
reproduction number of the virus in the population rather than the other parameters. Numerical results provide a wide range of
possible solutions to control the spreading of this disease.

1 Introduction

Spreading the COVID-19 disease has become a very difficult global problem, and several international efforts have been proposed to
control this disease. For July 19th, 2023, there were 768,237,788 confirmed cases, 6,951,677 deaths, and a total of 13,474,348,801
doses of vaccine have been administered around the world [1].

Therefore, there were many approaches to deal with this issue globally. Emergencies and preventive measures were declared in
infected areas of the world, and at the global level, public health was seriously challenged. Consequently, it is very important to
understand all critical parameters to control the spread of this disease through surveillance. Thus, mathematical models and com-
putational simulations are also being performed at each level to inform the people and policy makers. There are some mathematical
techniques to calculate the basic reproduction number depending on the characteristics of the disease and the population [2, 3]. Other
measures proposed by governments throughout the world to prevent the spread of COVID-19 include social isolation, international
travel restrictions, rapid-test, and even lockdown [4]. An effective way to control this disease is through lockdown because it can
reduce this spreading more quickly among all the aforementioned control strategies [5] and decrease the mobility of the population
[6].

Many ecological interactions and biological processes are modeled by a system of differential equations with constant rates. Such
systems may not have exact analytic solutions, therefore numerical methods and computational approaches can help in understanding
such problems more widely. Recently, some numerical approaches and computational tools have been used to study some real-world
problems, for sample, a fractional-order predator—prey system with consuming food resource was discussed for stability analysis
given in [7], a predator—prey system with consuming resources and disease in prey species was studied for self-diffusion and
cross-diffusion shown in [8], a fractional explicit-implicit numerical method was used for solving time-dependent partial differential
equations in [9].

Recently, some models of COVID-19 have been proposed, which represent a good step forward in understanding the
dynamics of this disease [10-13]. Accordingly, we have developed some models of COVID-19, we have also identi-
fied some important critical parameters with sensitivity analysis [14—19]. More recently, we improved the previous mod-
els and added the vaccination compartment. The vaccination parameters have been considered. The impact of vaccina-
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tion strategies in controlling this disease has been discussed, the reader can see more details about the suggested model
in [20].

Although some mathematical approaches have been suggested so far to understand this disease. Such models can be defined
using the mass action law including reaction rate constants. Then, using local sensitivity methods to evaluate each model state in
relation to model parameters, the results might be improved. Recently, we have applied three different techniques of local sen-
sitivities on some suggested models of COVID-19, they are provided us a wide range for identifying the critical parameters of
the model. In a complicated modeling case such as the new coronavirus, it is required to pay more attention to the impact of
vaccination strategy on the spatiotemporal pattern dynamics more accurately and widely. The idea of the spatiotemporal pattern
of diffusion-equation was generally suggested for epidemic models in [21], reaction—diffusion epidemic model [22], geographi-
cal analysis of vaccination efforts on COVID-19 [23]. Recently, this idea was further discussed for epidemiological landscapes
vaccination allocation model, this model includes two main compartments: an age-structured deterministic compartmental model
and a graph-based spatial model, more details about this model explained in [24]. Furthermore, the idea of spatial vaccine dis-
tribution strategy suggested to control the spreading of COVID-19 more effectively [25]. The study proposed a computational
model with different transmission rates, the model is basically based on Brownian agents and allows deriving a (nonuniform)
statistical mean-field model. The suggested studies discussed the idea of the spatiotemporal pattern of diffusion-equation in dif-
ferent views, but they have not studied the vaccination rate association with spatiotemporal distribution of COVID-19, this rate
provides a great role in understanding this pandemics and it gives a wide range to minimize the total number of infected individu-
als.

In this work, we have further developed our previous models, we consider a system of diffusion equations for spreading COVID-
19 with vaccinated individuals, all model equations can be solved numerically using MATLAB for different initial states and model
transmission rates.

The main contribution of work is investigating the influence of COVID-19 vaccinations parameters as an alternate technique
for COVID-19 suppression. Another contribution here is the identification of the critical model parameters using three tech-
niques of local sensitivities, which allows biologists to work with less knowledge of mathematical modeling and also facili-
tate the improvement of the model for future developments. Furthermore, using a system of diffusion equations seems to be
an attractive approach that provides an additional technique to properly and thoroughly comprehend the dynamics and trans-
mission of the virus. This mathematical approach improves the ability to develop efficient control and prevention strategies by
facilitating a more detailed investigation of the many connections and variables involved in the spread of COVID-19. As a
consequence, using a system of diffusion equations can open another path to understand such issues more widely and accu-
rately.

2 A mathematical model for COVID-19

Infectious diseases spread may be effectively understood by using mathematical models with their transmission rates. The well-
defined model to describe the spreading such diseases is “Susceptible-Exposed—Infectious—Recovered” model. This is how the SEIR
model is sometimes referred [26]. The main design of this model is related to the clinical progression, epidemiological individuals
and intervention measures. Accordingly, the SEIR model for infectious diseases can also be developed with the combination of
intervention subjects, such as treatment, isolation (hospitalisation), vaccination, and quarantine. The basic models of epidemic
diseases normally include components (individuals) and their transmissions among population components. In other words, for a
given model network of infectious disease, nodes are individuals, and the edges represents transmission rates. In terms of a graphical
network, this representation helps in understanding infectious disease models. Currently, the developed modes have been proposed
to show all model compartments and transmission rates in spreading the COVID-19. Accordingly, the vaccination component is an
effective variable, it plays an important role in controlling this disease. There are some challenging approaches in using COVID-19
vaccine. Firstly, we need to analyze the effects of a vaccination before it is actually put into practice. Using mathematical modelling
can help forecast how the vaccination will affect the population. The model proposed here includes several key aspects: detected
and undetected (unreported) cases, contact tracing and rapid testing, quarantined individuals, and vaccination strategy, we recently
studied this model as a system of ordinary differential equations with constant rates all model equations with their initial states and
parameters given in [20]. The suggested model network with all transmission rates are shown in Fig. 1 (Table 1).

In addition, we focus on the system spatially and proceed to the dynamics of the spatial system Eqs. (1-8) which is described as
follows:

BN 9%s

— =Ds— +A—BS(A+&1+50)— S —uzS+nV, ey
ot ax2

v 32V

EID‘/W +uzS —nV — V(A +&1+50) —uV, 2

@ Springer



Eur. Phys. J. Plus (2024) 139:174 Page3of 15 174

parameters with their biological

parameters was previously shown

based on the real data given in [20]

Table 1 The model states and Symbols Biological definitions
definitions, the range of model Ky Susceptible individuals
Vv Vaccinated individuals
Ey Undetected exposed individuals
Eq Detected exposed individuals
A Asymptomatic infected individuals
1 Symptomatic infected individuals
0] Quarantined individuals
R Recovered individuals
A Recruitment rate
12 Natural death rate
B Transmission rate
3 Modification parameter to reduce infectiousness of /
& Modification parameter to reduce infectiousness of Q
o Transition to infected compartment due to incubation period
8 Recovery rate
q Proportion of exposed individuals E; become asymptomatic A
¢ COVID-19 related mortality rate
uy Contact trace intervention
uz Rate of rapid testing
u3 Vaccination rate
n Duration of vaccine still valid
¢ Vaccine effectiveness

Fig. 1 COVID-19 model
transmission diagram
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Here we divide the population into seven groups as follows: S = S(x, t) is the susceptible individuals, V = V(x, t) is the vaccinated
individuals, E, = E,(x, t) and E; = E;(x, t) are undetected and detected individuals, A = A(x, t) and I = I(x, t) are the
asymptomatic and symptomatic individuals and Q = Q(x, ¢) is quarantined and R = R(x, t) recovered individuals, respectively,
at time ¢ and position x.

3 An algorithm of model solution

The model transmission equations for the spreading COVID-19 given in Eqs. 1-8 can simplify and analyze their model dynamics
using some steps. The following suggested steps help us to understand the model solutions and identify the model critical parameters.
The suggested algorithm has the following steps:

1. Define the model transmission rates for the suggested model of COVID-19 as a system of reaction—diffusion equations with
initial populations given below

E :DCBZ—C+F(C P), C0)=Cy 9)
ot 9x2 e ’

where C € R" and it is the set of model compartments, P € R™ and it is set of model parameters, and a finite domain 0 < x < L
where L is the domain length.

2. Use an appropriate random perturbation on the systems’ steady states given below:

C = Cp + € xrand, (10)

where € is a random perturbation coefficient, and “rand” is a one-dimensional array of random numbers uniformly distributed
in the range of [0, 1]. The system of reaction—diffusion equations are solved numerically for disease compartments in 1D, 2D
and 3D for their initial states and suggested parameter values using finite difference method for zero-flux boundary condition
with different mesh steps Ax and At.

3. Calculate the model local sensitivities using the following formula

¢ _ 9Ci
SPj =3p (11)
J
where Sg]’f is measured as a sensitivity coefficients of each C; respect to each parameter P;.

4. Identify a very sensitive set of model parameters called P* C P from the computational simulations.
5. Excluding a set of parameters P* from the model when they have a big effect on model solutions.
6. Repeat Step 3.

All suggested steps here of model analysis algorithm can be presented as a Flowchart given below:
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Define a system of reaction-
diffusion equations:

% = Do%S + F(C,P)

Y

Use an appropriate perturbation:
C = Cy + € * rand

Y

Solve equations numerically us-

ing finite difference method

Y
Calculate local sensitivities:
Cl' _ 8CZ <

P, =
J 813]

Excluding

Y

Identify a very sensitive set of

parameters P*
with high effect
on results

model parameters, P* C P

Show all model
sensitivity results

The Flowchart shows all suggested steps of model analysis based on the numerical approaches and local sensitivities.

4 Computational simulations

Equations 1-8 are focused numerically in a finite domain O < x < L where L is the domain length by finite difference method with
zero-flux boundary condition and the mesh steps are chosen as Ax = 0.5 and At = 0.01. Note that, further decrease on mesh steps
are checked to prevent any significant artifacts numerically. The system’s initial value is a random perturbation of the coexistence
state [21]. Note that, to generate appropriate random perturbation on the systems’ steady state, € is used as random perturbation
coefficient, ¢ = 0.02. For example, the initial condition for susceptible individuals is given by S = So + € * rand. The initial starting
points for perturbation are as So = 1046727, Vo = 400, E,,0 = 210, Eq0 = 0, Ag = 10, Iy = 40, Qo = 20, Ry = 90.

We previously discussed the range of parameters based on the real data shown in [20]. Since accurate evaluations of the relative
infectivity levels of those with symptomatic and asymptomatic populations are unclear, Ds and Dy are considered to be equal [27,
28]. The rest of the diffusion coefficients are consistent with the study on diffusion-reaction system application on COVID-19 [29],
ie., Dgs = Dy =4, 35.1072, Dg, = Dgg = 1, 98.1072, D4 = Dg = 0, 75.1072, D; = 1.10~* and assuming that quarantined
individuals are immobile, i.e., Dp = 0 [29].

Given that the primary motivation of this work is to demonstrate the influence of COVID-19 vaccination parameters suppression
with the addition of local sensitivity analysis, we now proceed to numerical simulations for different values of vaccination rate, i.e.,
u3. Figures 2, 3, 4 and 5 show the spatial distributions obtained at ¢+ = 300 and u3 = 0.01. Figure 2 shows spatial distribution of
individuals given in Eqs. 1-8 in 1D for different initial states and parameters. In addition, Figs. 3 and 4 show spatial distribution
in 3D for some given parameters and initial states, however the axes are different. Accordingly, Figs. 4 and 5 are identical, they
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are presented in 3D and 2D, respectively. The evolution process in time is patchy and the density of infected individuals fluctuates
across different locations.

Interestingly, Fig. 6 shows spatial distribution of the recovered individuals under the effect of increasing vaccination rates, i.e.,
u3 = 0, uz = 0.02, u3 = 0.4 and u3z = 0.6 from top to bottom for given time + = 300 in both 2D and 3D, different vaccination
rates are computed to simulate the dynamics of the recovered individuals. From the numerical results, it is clearly observed that the
increase in vaccination rate, i.e. u3, the group of patches shrinks and no regular pattern formation observed.

5 Model sensitivity analysis

The idea of sensitivity can be used on infectious disease models to determine which variable or parameter is sensitive to a specific
condition. Suppose that an infectious disease model has n compartments C; fori = 1, 2, ..., n and m parameters P; for j = 1, 2,
..., m. The model balanced equations are assumed to be represented as a system of differential equations, the derivations of local
sensitivities with more details are presented in [14, 16]:

dcC;
dt

= Fi(C, P), 12)

where C € R" and P € R™. The model sensitivities can be determined using three different techniques: non-normalizations,
half-normalizations, and full-normalizations. The sensitivity to non-normalization are provided by

. aC;
C;i i
Sy = o5 (13)

where Sg]’f is measured as a sensitivity coefficients of each C; respect to each parameter P;. The sensitivity to half-normalization

are provided by
. 1 aC;
sG . 14
Fi (C,-)(BP,») (14

Furthermore, the sensitivity to full-normalization are defined by

¢ _ (Pi(9C
5-()()

Another key element that can be considered for the COVID-19 disease is called the model sensitive analysis. We recently applied
this approach to some suggested models of this virus in [14-18]. The method can be used to calculate the local sensitivities
for non-normalizations, half normalizations, and full normalizations in computational simulations. For the COVID-19 described
model provided here, it is crucial to work more broadly and precisely in order to find the critical model parameters based on
sensitivity analysis. In the computational simulations, we have used the model initial populations and parameters presented in [20]:
S(0) = 1046727, V(0) = 400, E,(0) = 210, E40) =0, A) = 10, I(0) =40, Q(0) = 20, R(0) = 90 and the model
parameters A = 607.7, u = 4.214 x 107, 8 = 4.743 x 1073, £ = 09, & = 0.3, = 0.196, 8 = 0.1, ¢ = 0.6, ¢ = 0.06,
up = 0.5,up = 0.083,u3 = 0.05,n = 0.1, ¢ = 0.8. In our computer simulations, we used such estimated values and initial variables.
The results provided in this work represent a crucial step forward in understanding the model dynamics to a greater extent. This
helps us in identifying critical model parameters as well as how each model individual is influenced by the other model individuals.

The model sensitivities are calculated using three distinct techniques: non-normalizations, half-normalizations and full-
normalizations; see Figs. 7, 8 and 9. Interestingly, the results provide us with a deeper understanding of the model and help us
identify the critical model parameters. For instance, it appears that the set {8, u, u3, n} is the most critical model parameters for the
suggested model, whereas the set {A, &1, &, ¢, u1} is the less critical model parameters according to non-normalization technique;
see Fig. 7. Figure § indicates that parameters A, &1, &, ¢, u; are mainly the less critical model parameters whereas the other model
parameters are often model sensitive. According to Fig. 9, the set of parameters {A, w, &, ¢} is the less sensitive model parameters,
but the rest of the model parameters become sensitive for the model variables. Identifying the critical model parameters based on
local sensitivities using computational simulations can thus effectively work to further study the model practically and theoretically,
and provide some suggestions for future improvements to the disease and its vaccination programs, interventions, and virus control.

6 Conclusion and discussion
Only biological principles and healthcare preventions may not adequately explain how to deal with the COVID-19 pandemic.

Mathematical models with computational simulations play a great role to widely understand such issues globally. Therefore, such
models can help ones to identify the model critical parameters and their impacts in reducing this virus on the community.
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Fig. 6 Spatial distribution of recovered individuals under the effect of increasing vaccination rate in 3D with its corresponding distribution in 2D for t = 300
for uz =0, u3 = 0.02 u3 = 0.4 and u3 = 0.6, respectively from top to bottom, for given perturbed initial values
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Fig. 7 Local sensitivity analysis
with Non-normalizations in
computational simulations for the
suggested COVID-19 model
using MATLAB, a the sensitivity
of all variables to all parameters, x 10
b the sensitivity of all variables to
all model parameters excluding 1,
B, u3, and n

w b
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(=]
o
o

2000

Sensitivity

State Variables
Parameters

It is worth noting that although the vaccination strategies are investigated, the influence of vaccination rate on spatiotemporal
distribution of population with the local sensitivity analysis has remained unclear, that is the primary motivation for our paper.
From a physical standpoint, our research attempts to bridge the gap between theoretical frameworks and real-world implications.
We want to figure out the complicated processes that occur when looking at vaccination rates in the context of spatiotemporal
distribution. We hope that by using a physical approach, we will be able to not only reveal the underlying mechanisms, but also give
practical insights that will help to design more effective and centred programmes for community health. In the ongoing attempt to
address the problems caused by infectious diseases such as COVID-19, this approach corresponds with an increasing requirement
for comprehensive methods that account for both theoretical model and real-world data.

@ Springer



Eur. Phys. J. Plus (2024) 139:174 Page 13 0of 15 174

Fig. 8 Local sensitivity analysis

with Half normalizations in

computational simulations for the

suggested COVID-19 model

using MATLAB, a the sensitivity

of all variables to all parameters, 7
b the sensitivity of all variables to

all model parameters excluding 8 3
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With this approach, the COVID-19 model that is provided in this work helps to effectively describe the dynamics of the model
states. Thus, it can be summarized as prime results. Firstly, we have modeled the dynamics of all possible compartments, i.e.,
susceptible, vaccinated, undetected exposed infected, detected exposed infected, asymptomatic infected, symptomatic infected,
quarantined and recovered individuals to analyze accurate transmission dynamics of the COVID-19 pandemics. Second, MATLAB
has been used to approximation the numerical solutions of the model states for various parameters and initial values. Another
important result here is that a system of diffusion equations was considered of the spreading COVID-19 with vaccinated individuals.
These equations have been studied with different vaccination rates, they were simulated in 1D, 2D and 3D planes. Additionally, three
different techniques non-normalizations, half-normalizations, and full-normalizations are used to compute the local sensitivities.
The results based on the local sensitivities provide a good range to identify the models sensitive parameters in spreading this disease.
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Fig. 9 Local sensitivity of all

variables with respect to all

parameters with full

normalizations in computational

simulations for the suggested

COVID-19 model using

MATLAB 10

Sensitivity
(4]

State Variables

R A H " Parameters

In such case, identifying the critical parameters of the model will help to suggest further interventions and control strategies with
lower budget.

Our model practical use extends to real-world scenarios, providing useful insights for optimising vaccination efforts in the context
of infectious diseases. Health authorities may strategically supply vaccinations to regions most at risk by using our approach, which
incorporates vaccination rates and performs local sensitivity analysis. The proposed model gives an in-depth knowledge of how
vaccination rates impact the spatiotemporal dynamics of the population, this focused approach confirms a more effective use of
resources. Finally, our model goes beyond theoretical constructions to provide real solutions to improve the precision and efficiency
of public health initiatives in the vaccination strategy against infectious diseases.

In comparing our results with the other studies, it can be concluded some main points. First, the proposed model provides an
essential range to understand this global issue theoretically, results can help international efforts to control this disease. In this
work, we mainly focused on vaccination rates to minimize the total number of infected individuals, some possible strategies are
highlighted. Second, identifying the most critical parameters in spreading this virus is another technique to control this pandemic in
the community, we improved this work by calculating the local sensitivities between model compartments and parameters. Finally,
using a system of diffusion equations for the COVID-19 pandemics instated of ordinary differential equations can help ones to study
this issue more widely for different initial states, our results here are more improved compared to the previous studies because we
suggest spatial distributions for model compartments for different initial states and parameters.

Supplementary Information The online version contains supplementary material available at https://doi.org/10.1140/epjp/s13360-024-04944-3.
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References

1. https://covid19.who.int/, [July 19, 2023]

2. Q.Li, X. Guan, P. Wu, X. Wang, L. Zhou, Y. Tong, Z. Feng, Early transmission dynamics in Wuhan, China, of novel coronavirus-infected pneumonia.
N. Engl. J. Med. 382(13), 1199-1207 (2020)

3. J.T. Wu, K. Leung, G.M. Leung, Nowcasting and forecasting the potential domestic and international spread of the 2019-nCoV outbreak originating in
Wauhan, China: a modelling study. The Lancet 395(10225), 689-697 (2020)

4. J.H. Tanne, E. Hayasaki, M. Zastrow, P. Pulla, P. Smith, A.G. Rada, Covid-19: How doctors and healthcare systems are tackling coronavirus worldwide.
BMJ, 368 (2020)

5. Q. Lin, S. Zhao, D. Gao, Y. Lou, S. Yang, S.S. Musa, M.H. Wang, Y. Cai, W. Wang, L. Yang, D. He, A conceptual model for the coronavirus disease
2019 (COVID-19) outbreak in Wuhan, China with individual reaction and governmental action. Int. J. Infect. Dis. 93, 211-216 (2020)

6. M.S. Arif, K. Abodayeh, A. Ejaz, Computational modeling of reaction—diffusion COVID-19 model having isolated compartment. CMES-Comput.
Model. Eng. Sci. 135(2) (2023)

7. M.S. Arif, K. Abodayeh, A. Ejaz, Stability analysis of fractional-order predator—prey system with consuming food resource. Axioms 12(1), 64 (2023)

8. M.S. Arif, K. Abodayeh, A. Ejaz, On the stability of the diffusive and non-diffusive predator—prey system with consuming resources and disease in prey
species. Math. Biosci. Eng. 20(3), 5066-5093 (2023)

9. Y. Nawaz, M.S. Arif, K. Abodayeh, An explicit-implicit numerical scheme for time fractional boundary layer flows. Int. J. Numer. Methods Fluids
94(7), 920-940 (2022)

@ Springer


https://doi.org/10.1140/epjp/s13360-024-04944-3
https://covid19.who.int/

Eur. Phys. J. Plus (2024) 139:174 Page 150f 15 174

10.

11.

20.

21.

22.

23.
24.

25.

26.
27.

28.

29.

Y. Liu, A.A. Gayle, A. Wilder-Smith, J. Rocklov, The reproductive number of COVID-19 is higher compared to SARS coronavirus. J. Travel Med.
(2020)

K. Prem, Y. Liu, T.W. Russell, A.J. Kucharski, R.M. Eggo, N. Davies, S. Flasche et al., The effect of control strategies to reduce social mixing on
outcomes of the COVID-19 epidemic in Wuhan, China: a modelling study. The Lancet Public Health (2020)

. Ashleigh R. Tuite, David N. Fisman, Amy L. Greer, Mathematical modelling of COVID-19 transmission and mitigation strategies in the population of

Ontario, Canada. CMAJ 192(19), E497-E505 (2020)

. Z. Cakir, H.B. Savas, A mathematical modelling approach in the spread of the novel 2019 coronavirus SARS-CoV-2 (COVID-19) pandemic. Electron.

J. Gen. Med. 17(4), em205:4 (2020)

. S.H.A. Khoshnaw, R.H. Salih, S. Sulaimany, Mathematical modelling for coronavirus disease (COVID-19) in predicting future behaviours and sensitivity

analysis. Math. Model. Nat. Phenom. 15, 33 (2020)

. S.H. Khoshnaw, M. Shahzad, M. Ali, F. Sultan, A quantitative and qualitative analysis of the COVID-19 pandemic model. Chaos, Solitons & Fractals

138, 109932 (2020)

. B.Rahman, S.H. Khoshnaw, G.O. Agaba, F. Al Basir, How containment can effectively suppress the outbreak of COVID-19: a mathematical modeling.

Axioms 10(3), 204 (2021)

. M. Shahzad, A.H. Abdel-Aty, R.A. Attia, S.H. Khoshnaw, D. Aldila, M. Ali, F. Sultan, Dynamics models for identifying the key transmission parameters

of the COVID-19 disease. Alex. Eng. J. 60(1), 757-765 (2021)

. D. Aldila, S.H. Khoshnaw, E. Safitri, Y.R. Anwar, A.R. Bakry, B.M. Samiadji, S.N. Salim, A mathematical study on the spread of COVID-19 considering

social distancing and rapid assessment: the case of Jakarta, Indonesia. Chaos, Solitons & Fractals 139, 110042 (2020)

. A. Ahmed, B. Salam, M. Mohammad, A. Akgul, S.H. Khoshnaw, Analysis coronavirus disease (COVID-19) model using numerical approaches and

logistic model. Aims Bioeng. 7(3), 130-146 (2020)

D. Aldila, B.M. Samiadji, G.M. Simorangkir, S.H. Khosnaw, M. Shahzad, Impact of early detection and vaccination strategy in COVID-19 eradication
program in Jakarta, Indonesia. BMC Res. Notes 14(1), 1-7 (2021)

X.Y. Meng, T. Zhang, The impact of media on the spatiotemporal pattern dynamics of a reaction—diffusion epidemic model. Math. Biosci. Eng. 17(4),
4034-4047 (2020)

S.A. Pasha, Y. Nawaz, M.S. Arif, On the nonstandard finite difference method for reaction—diffusion models. Chaos, Solitons & Fractals 166, 112929
(2023)

F. Bilgel, B.C. Karahasan, Effects of vaccination and the spatio-temporal diffusion of Covid-19 incidence in turkey. Geogr. Anal. 55(3), 399426 (2023)
W. Cao,J. Zhu, X. Wang, X. Tong, Y. Tian, H. Dai, Z. Ma, Optimizing spatio-temporal allocation of the COVID-19 vaccine under different epidemiological
landscapes. Front. Public Health 10, 921855 (2022)

J. Grauer, H. Lowen, B. Liebchen, Strategic spatiotemporal vaccine distribution increases the survival rate in an infectious disease like Covid-19. Sci.
Rep. 10(1), 21594 (2020)

S. He, Y. Peng, K. Sun, SEIR modeling of the COVID-19 and its dynamics. Nonlinear Dyn. 101, 1667-1680 (2020)

Z.Du, X. Xu, Y. Wu, L. Wang, B.J. Cowling, L.A. Meyers, Serial interval of COVID-19 among publicly reported confirmed cases. Emerg. Infect. Dis.
26(6), 1341 (2020)

A. Viguerie, G. Lorenzo, F. Auricchio, D. Baroli, T.J. Hughes, A. Patton, A. Veneziani, Simulating the spread of COVID-19 via a spatially-resolved
susceptible-exposed-infected-recovered-deceased (SEIRD) model with heterogeneous diffusion. Appl. Math. Lett. 111, 106617 (2021)

A. Viguerie, A. Veneziani, G. Lorenzo, D. Baroli, N. Aretz-Nellesen, A. Patton, F. Auricchio, Diffusion—reaction compartmental models formulated in
a continuum mechanics framework: application to COVID-19, mathematical analysis, and numerical study. Comput. Mech. 66(5), 1131-1152 (2020)

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive rights to this article under a publishing agreement with the author(s) or other
rightsholder(s); author self-archiving of the accepted manuscript version of this article is solely governed by the terms of such publishing agreement and
applicable law.

@ Springer



	The impact of vaccination strategy on the spatiotemporal pattern dynamics of a COVID-19 epidemic model
	Abstract
	1 Introduction
	2 A mathematical model for COVID-19
	3 An algorithm of model solution
	4 Computational simulations
	5 Model sensitivity analysis
	6 Conclusion and discussion
	References


