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Abstract. Covid-19 has affected the lives of people in different ways. A num-
ber of models are available in the literature to study the dynamics of a pandem-
ic. However, there are very few models that study the impact of vaccine distri-
bution among different population groups. In this paper, we use a modified epi-
demiological model which incorporates relationships between different popula-
tions to incorporate the impact of vaccine distribution and present results for 
different vaccine distribution strategies. We have presented how a sharing-
based vaccine distribution strategy could be implemented in the face of the 
spread of the virus. The main finding of our work is that an effective vaccine 
distribution may differ depending upon the level of interactions among different 
population groups and a sharing-based vaccine distribution strategy is the most 
effective strategy. 
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1 Introduction, Background, and Problem Statement 

Covid-19, also known as Coronavirus, was first reported in December 2019 [1]. Slow-
ly over time, the virus infections spread worldwide, and the number of cases grew 
very rapidly. Many people lost their lives and there was scarcity of information about 
how to control or stop it’s spread. Hospitals and other medical facilities were over-
whelmed with the number of cases and they lacked resources like respirators, PPEs, 
healthcare workers and hospital beds. The normal life as we know it got disrupted and 
the livelihood of a vast number of people worldwide was challenged.  

 
Lockdowns and other measures were implemented to slow down the spread. Peo-

ple were made to stay at home and many businesses were closed. Slowly, more medi-
cal centers opened, and the spread rate reduced. More resources like PPEs, respirators 
and hospital beds became available. As more resources became available, some of the 
important questions which arose were who/which region needs these resources the 
most, how many of the resources are needed and what will be the future impact of the 
actions/strategies implemented. 
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Different pandemics have devasted humankind over the course of history [2] start-

ing from the earliest recorded pandemic that occurred during the Peloponnesian war 
around 430 B.C [3]. So, when the Covid-19 pandemic surfaced, it was not something 
completely new. But what makes it different is a higher population size and global 
travel that it impacted, thereby making it challenging to predict the progress of the 
pandemic and in making decisions to control its progress.  

 
There have been many different types of forecasting models developed to predict 

the progress of pandemics. One of the most popular and earliest models is the epide-
miological model developed in the year 1927 by Kermack & McKendrick [4]. There 
have been many additions to this fundamental model over time. After the outbreak of 
Covid-19, several versions of the epidemiological model have been employed to ad-
dress the situation [5-13]. A number of recent studies have used deep learning tech-
niques to predict progress of the Covid-19 pandemic [14,15]. However, there have not 
been reported works devoted to the use of epidemiological models that study the im-
pact of progression of virus in one group to that in the other, and accordingly, deter-
mine effective strategies for the distribution of vaccines in order to mitigate the spread 
of virus. We have addressed this problem in this paper.  

 
Also, we discuss the different vaccine distribution strategies and their impact in the 

face of the pandemic. The factors affecting the implementation of different strategies 
are also discussed. The best strategy for controlling the pandemic globally is suggest-
ed.    

2 Methodology 

This study uses a modified version of the Epidemiological model, which is one of the 
popular models used to study and predict the progress of pandemics. Epidemiological 
models are mathematical models which are effective in simulating the spread of many 
communicable diseases and have been used extensively for the recent Covid-19 re-
search [5-13]. The model consists of multiple compartments with each representing a 
stage in the progression of the disease.  A person moves across different compart-
ments based on requisite transition rates or probabilities.  At any point in time, the 
spread of a pandemic can be represented by the number of people in each compart-
ment. Different models based on the number of compartments can be constructed.  

 
One of the popular models is the SIR (susceptible-infectious-removed) model. De-

pending on the intensity of the disease, an individual may move to the susceptible 
compartment again if they do not develop immunity after the first infection. The SIR 
model has three compartments namely Susceptible (S), Infectious (I) and Recovered 
(R). Initially, a person starts in the Susceptible compartment (S) and is not yet infect-
ed. Once infected, they move to the Infected compartment (I) at a rate called the dis-
ease transmission rate β. Then, they either recover or do not survive and move to the 
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Recovered compartment (R) at a rate called the recovery rate γ. Our primary objective 
is to track and reduce the number of infected cases. The number of fatalities is propor-
tional to the number of infections. Hence, a reduction in the number of infections will 
reduce number of fatalities as well. Therefore, we just keep track of the number of 
infections. If needed, we can further split the R compartment into Recovered and 
Non-survived compartments and track them separately. The impact resulting from 
getting the vaccine can be incorporated into the epidemiological model. A person in 
the Susceptible compartment after getting vaccinated directly moves to the Recovered 
compartment and cannot get infected. For our study, the effectiveness of the vaccines 
is assumed to be 100%. Thus, administering, say, v number of vaccines at time t 
moves v persons from the Susceptible compartment to the Recovered compartment, 
thereby, reducing the number of people who could further get infected. The dynamics 
of the model is shown in Figure 1. 

 

Fig. 1. An epidemiological model including impact resulting from getting a vaccine 

The dynamics of movement between different compartments and the differential 
equations of the model are given below. 

 𝑑𝐼 /𝑑𝑡 = -βIS-v (1) 

 𝑑𝐼 /𝑑𝑡 = βIS-γI (2) 

 𝑑𝑅 /𝑑𝑡 = γI +v (3) 

We can study different population groups separately in order to determine progression 
of the virus in specific groups. For this study, we consider two groups namely, Gen-
eral population and Healthcare worker population. Each group will entail a separate 
model with its compartments and transition probabilities. The number of infections 
and recoveries can be found in each period for both the models. The effect of the pan-
demic on total population is then the sum of outcomes of both the models.  

 
 The above method considers both the population groups to be independent and 

the progression of the virus in one group not to impact that in the other. Such a meth-
od is pertinent to study a situation in which the groups represent regions with no in-
teractions among them because of lockdown. However, we also consider the situation 
in which the progression of the virus in one group impacts that in the other. Consider 
the two population groups described above with each group represented by its own 
model and parameters. Let the ratio of the number of infected healthcare workers to 
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the total number of healthcare population be represented by θ. Also, the number of 
infections in the healthcare population affects the progress of virus in the general 
population, because of their essential interactions with general population through 
activities like testing, caring for the elderly in nursing homes and the patients admit-
ted to the hospital, and for providing consultation to infected persons quarantining at 
home. This interaction is captured in the model by using a (modification) function 
that modifies the parameters of the general population model depending on the spread 
of virus in the healthcare population. The modification function, f(θ) = exp(θ*K) is 
defined using θ and a constant K. The β and γ parameters of the general population 
model are modified as follows:  

 Modified β = β* f(θ) (4) 

 Modified γ = γ/ f(θ) (5) 

With this modification, the spread of the virus in the healthcare population model 
(HPM) affects the parameters of the general population model (GPM) and thereby, 
the general population model itself. An exponential function was chosen for f(θ) as 
the impact of the number of infections on the total population is not linear and an 
exponential function form was found to give the best fit. The constant K can be used 
to fine tune the model depending on the subtle variations present in the region to 
which the populations belong. The different parameters of the model could be tuned 
to the actual data to obtain the best fit. We can use this modified model to evaluate 
various scenarios and make decisions pertaining to vaccine distribution among differ-
ent populations, timing of vaccinations, and the sequence in which the vaccinations 
are given to different populations. Some of the scenarios and their results are dis-
cussed in the following sections. 

3 Data 

Besides the data on general population, we also needed data on the daily number of 
infected cases among healthcare population for our study. After searching over sever-
al available data sources, the Wisconsin state health department was found to provide 
this data and hence was chosen. Milwaukee county was chosen as it is the most popu-
lous county in the state of Wisconsin [16]. The information regarding total population 
and number of healthcare workers is taken from the datausa website [17]. Data from 
the Dane county and Waukesha county were used to evaluate different vaccines dis-
tribution strategies [16]. 

4 Results 

The different scenarios considered, and their results are discussed in detail in this 
section. The parameters of the individual population models (healthcare population 
and general population) are fitted by tuning them to give the best fit with the actual 
data. Also, our studies showed that parameter tuning with the most recent data makes 



5 

the model more reactive and accurate in its prediction. The fitted graphs for different 
population groups are shown in Figure 2. 

Fig. 2.  Fitted model for healthcare population (left) and that for general population (right), that 
show actual vs predicted number of infected cases. 

We studied several scenarios based on the following: 

1. Number of vaccines, 2. Time of vaccination, 3. Ratio of vaccine distribution among 
populations, 4. Sequence of vaccination, 5. Vaccination times for multiple vaccina-
tions, 6. Independent population groups 

4.1 Number of Vaccines 

In this scenario, the effect of varying the number of vaccines is studied. The model 
parameters and vaccination introduction time (t=10) are kept the same. The vaccines 
are allocated fully to one of the population groups. The different iterations (number of 
vaccines) tried were 5000, 10000, 25000, 50000 and 100000. The results show that 
the reduction in the number of infections increases with increment in the number of 
vaccines. The difference in infected cases due to different number of vaccines is non-
decreasing in time. The differences vary among the population groups because of 
their different parameters.   

4.2 Time of Vaccination 

In this scenario, the effect of varying the time of vaccination is studied. The model 
parameters and vaccine quantity (n=10) are kept the same. The vaccines are allocated 
fully to one of the population groups. The different iterations (vaccination time) tried 
are 10, 25, 50, 100 and 150. As expected, the reduction in the number of infections is 
higher, when the vaccines are introduced earlier. The differences vary among the 
population groups because of their different parameters.  
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4.3 Ratio of Vaccine Distribution among Populations 

In this scenario, the effect of varying the ratio of distribution of vaccines among dif-
ferent populations is studied. The model parameters and time of vaccination (t=10) 
are kept the same. The total number of vaccines available is 25,000, and they are dis-
tributed among the population groups. The different iterations (vaccine distribution 
ratios, healthcare:general) are 0:100, 25:75, 50:50, 75:25 and 100:0. The results show 
that the reduction in the number of infections is higher when a higher percentage of 
vaccines is introduced to the healthcare population. Also, note that, the difference in 
reduction becomes gradually lower with an increased percentage of vaccines being 
allocated to the healthcare population. Thus, it implies that we should prefer to vac-
cinate the healthcare population first; however, for overall effectiveness, it would be 
better to shift towards vaccinating the other populations instead of using all the vac-
cines on one population.  

4.4 Sequence of Vaccination 

In this scenario, the effect of the sequence in which different populations are vac-
cinated is studied. The vaccines are introduced at two points in time, and the number 
of vaccines introduced is 10,000 each time. Two different combinations of time peri-
ods are considered, and the sequence of vaccinations is varied. The model parameters 
are kept the same. The different iterations (healthcare vaccination time, general vac-
cination time) are: (50,10), (10,50), (100,10) and (10,100).  
 
Results show that the reduction in the number of infections is higher when the 
healthcare population is vaccinated first in the sequence and then the general popula-
tion. It was observed that vaccinating the healthcare population first would allow 
longer time before vaccinating the other population when compared to vaccinating 
general population first. Thus, we can conclude that we should prefer to vaccinate the 
healthcare population first in a sequence and doing so would allow us more time to 
delay the next vaccination. 

4.5 Vaccination Times for Multiple Vaccinations 

In this scenario, the effect of the time of vaccination when vaccinating multiple times 
is studied. The model parameters are kept the same, and the total number of vaccines 
to be used is 20,000. The vaccinations are done twice, and iterations consider vac-
cines to be fully allocated to one of the population groups. The results show that vac-
cinating a higher quantity during the first period allows us to delay the second vac-
cination period. Also, moving the first vaccination period by a period p early allows 
us to delay the second vaccination period by a value more than p. Hence, we can use 
this model to evaluate different vaccination time and quantity combinations while 
making vaccine distribution decisions. 
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4.6 Independent Population Groups 

In this scenario, the effect of varying the ratio of distribution of vaccines among dif-
ferent populations, which are considered to be independent, is studied. The model 
parameters and the time of vaccination (t=10) are kept the same. The total number of 
vaccines to be used is 20,000. The different iterations (vaccine distribution ratios- 
healthcare:general) are 0:100, 25:75, 50:50, 75:25 and 100:0. The results show that 
the reduction in the number of infections is higher when higher percentage of vac-
cines are introduced to the general population. This observation is exactly opposite to 
the case of Section 4.3. This is because the general population is significantly larger 
in size than the healthcare population and a small amount of vaccinations in that pop-
ulation reduces infections by a relatively large number. On the other hand, the 
healthcare population is smaller in size and the maximum possible reduction in num-
ber of cases it can produce is significantly lower than that for the other population 
group. Also, because the groups are independently administering vaccines, the 
healthcare population would reduce the number of infections in that group and would 
not have any impact on the other group. This clearly shows incorporating the relation-
ships between different population groups and the type and scale of relationship 
makes a significant difference in the decisions made. Moreover, it shows that in case 
the population groups considered have the least interactions between them, then it will 
be more effective to distribute vaccines to a larger group first because it would result 
in greater reductions in infections. Thus, extending this analysis to global level, at the 
height of pandemic spread, when the countries are essentially locked down, the distri-
bution of vaccines to most populous places first would result in maximum reduction 
in infections. 

 

5 Sharing-Based Distribution of vaccines   

Appropriate steps have been taken to ensure a rapid scale-up of production of vac-
cines and other supplies. However, it should be noted that there is still a number of 
countries where the supply of vaccines is way lower than the demand. This uneven 
availability and inaccess to supplies are major contributors to the struggle in the face 
of the pandemic. One main reason for this is the hoarding of vaccines and other sup-
plies by a few countries making it less accessible to other countries [18]. [19-22] pre-
sent the statistics regarding vaccine procurement and reasons for the hoarding. As 
expected, these countries have procured high volumes of vaccines and a major share 
of manufacturing happens in these countries as well. It is prudent for a country to 
have sufficient supplies to vaccinate everyone in its population. However, amassing 
excessive inventories would leave vaccines away from communities where it can 
directly help in impeding the spread of the virus. Some of these countries have either 
procured or had confirmed orders of the vaccines more than enough to vaccinate the 
entire population. In some cases, this amount had been more than twice the population 
of those countries only to realize later that this excess inventory may not be needed, 
and then, starting to redistribute a portion to other nations. However, this delay 
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slowed the global response against the pandemic and a greater impact could have 
been achieved if the vaccines were made accessible to the needed communities earli-
er. Having a better and timely redistribution and sharing of vaccines both domestical-
ly and internationally to ensure optimal demand-supply dynamics would significantly 
enhance the impact of vaccinations. To illustrate this, we carried out experiments on 
the available dataset. Two counties in Wisconsin- Dane and Waukesha were consid-
ered and models were fitted to simulate the actual disease dynamics. The total number 
of vaccinations available per day for both the counties was considered as 500 and 
vaccinations began on the 10th day and continued till the end of the simulation period 
(200th day). The total number of infected cases in both the counties was observed at 
the end of the simulation period. The scenarios tested are shown in Table 1. In the 
second and sixth scenario, all the vaccines were allocated to the Dane county and 
Waukesha county respectively. While in Scenarios 3 to 5 this allocation was varied as 
shown. Scenario 1 is just the base case in which no vaccine is introduced. The last 
column shows the number of infected cases. 

Table 1. Scenarios of experiments on different vaccination strategies in Dane and Waukesha 
counties in Wisconsin 

 
Scenario 
Number 

Number of vaccinations/ 
day in Dane County 

Number of vaccina-
tions/day in Waukesha 
County 

Total number 
of Infected 
cases 

1 0 0 51811 
2 500 0 43101 
3 400 100 42289 
4 250 250 42680 
5 100 400 44500 
6 0 500 42309 

  
Note that, Scenarios 2-6 are better and give a smaller number of infected cases as 

expected when compared with the number of infected cases for Scenario 1. Scenario 3 
results in the least total number of infected cases across both the counties. This shows 
that an appropriate sharing of vaccinations between different regions (Scenario 3) 
gives a better impact (reduced number of infections) as compared with allocating all 
the vaccines to one region (Scenario 2 & 6). As the spread of virus is dynamic, ideally 
the sharing of vaccines should also be implemented dynamically. Note that an equal 
sharing of vaccines (Scenario 4) does not necessarily give a better result.   

 
A question arises as to the implementation of a sharing-based distribution of vac-

cines. The availability of capacity globally to produce vaccines is well known. Utili-
zation of this capacity would not only enable effective logistics and global distribu-
tion of vaccines, but also, would increase the number of vaccines available. However, 
it demands sharing of patents and requisite materials.       
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6 Conclusion 

In this paper, we have used an epidemiological model to study the impact of different 
vaccine distribution strategies pertaining to vaccination distribution, vaccinating in 
multiple stages, and controlling interactions between different groups. This study was 
carried out with two population groups. Some of the important conclusions from the 
study are: 

 Higher quantities of vaccines and early vaccination produces the best impact. 
 Healthcare population should be given a higher priority in administering vaccines 

and distribution ratio of vaccines.   
 It would be more effective to vaccinate a proportion of one group first and then 

move to the other group instead of trying to completely vaccinate one group before 
moving to the other. 

 The type and scale of relationship between different population groups makes a 
significant impact on the type of decisions made. 

 The strategies for vaccine distribution are different depending upon the level of 
interaction between population groups. 

We also evaluated different vaccine distribution strategies for the maximum impact in 
controlling the pandemic. The best strategy was found to be sharing of vaccines 
among different communities. Maintaining a global centralized inventory and distri-
bution system, making vaccine patents accessible to manufacturers in order to enable 
utilization of available production capacity, and ensuring a free movement of raw 
materials and products are some of the essential steps needed to enhance the distribu-
tion of vaccines and their timely availability in the face of the spread of the virus. 

 
The proposed model could be used to make decisions at both global and local lev-

els. Some ideas for future work include incorporation of additional compartments, 
population groups, and different relationship functions in the proposed model. More-
over, an overarching optimization model could be formulated to make decisions in 
view of specified objectives and constraints. 

References 

1. UC Davis Health. https://health.ucdavis.edu/coronavirus/covid-19-timeline.html 
2. Health.com. https://www.health.com/condition/infectious-diseases/worst-pandemics-in-

history 
3. History.com Information. https://www.history.com/topics/middle-ages/pandemics-timeline 
4. Kermack William Ogilvy and McKendrick A. G. (1927) A contribution to the mathemati-

cal theory of epidemics. Proc. R. Soc. Lond. A 115:700–721. doi:10.1098/rspa.1927.0118 
5. Chen, TM., Rui, J., Wang, QP. et al. (2020) A mathematical model for simulating the 

phase-based transmissibility of a novel coronavirus. Infect Dis Poverty 9, 24. 
doi:10.1186/s40249-020-00640-3 

6. Lin Q, Zhao S, Gao D, Lou Y, Yang S, Musa SS, Wang MH, Cai Y, Wang W, Yang L, He 
D (2020) A conceptual model for the coronavirus disease 2019 (COVID-19) outbreak in 



10 

Wuhan, China with individual reaction and governmental action. Int J Infect Dis. 2020 
Apr; 93:211-216. doi: 10.1016/j.ijid.2020.02.058  

7. Anastassopoulou C, Russo L, Tsakris A, Siettos C (2020) Data-based analysis, modelling 
and forecasting of the COVID-19 outbreak. PLoS ONE 15(3): e0230405. 
doi:10.1371/journal.pone.0230405 

8. Wu JT, Leung K, Leung GM (2020) Nowcasting and forecasting the potential domestic 
and international spread of the 2019-nCoV outbreak originating in Wuhan, China: a mod-
elling study. Lancet, 2020 Feb 29, 395(10225):689-697. doi: 10.1016/S0140-
6736(20)30260-9 

9. Wu, J.T., Leung, K., Bushman, M. et al. (2020) Estimating clinical severity of COVID-19 
from the transmission dynamics in Wuhan, China. Nat Med 26, 506–510. 
doi:10.1038/s41591-020-0822-7 

10. Kucharski AJ, Russell TW, Diamond C, Liu Y, Edmunds J, Funk S, Eggo RM (2020) Ear-
ly dynamics of transmission and control of COVID-19: a mathematical modelling study. 
Lancet Infect Dis. 2020 May;20(5):553-558. doi: 10.1016/S1473-3099(20)30144-4 

11. Tang, B., Wang, X., Li, Q., Bragazzi, N. L., Tang, S., Xiao, Y., & Wu, J. (2020). Estima-
tion of the Transmission Risk of the 2019-nCoV and Its Implication for Public Health In-
terventions. Journal of clinical medicine, vol. 9, 2 462. 7 Feb. 2020, 
doi:10.3390/jcm9020462 

12. Khajanchi, S., Sarkar, K., Mondal, J., Perc, M (2020) Dynamics of the COVID-19 pan-
demic in India. Research Square, doi:10.21203/rs.3.rs-27112/v1 

13. Sarkar K, Khajanchi S, Nieto JJ (2020) Modeling and forecasting the COVID-19 pandem-
ic in India. Chaos Solitons Fractals. 2020 Oct, 139:110049. doi: 
10.1016/j.chaos.2020.110049 

14. B. Yan, J. Wang, Z. Zhang, X. Tang, Y. Zhou et al (2020) An improved method for the fit-
ting and prediction of the number of covid-19 confirmed cases based on lstm. Computers, 
Materials & Continua, vol. 64, no.3, pp. 1473–1490. 

15. F. Martínez-Álvarez, G. Asencio-Cortés, J. F. Torres, D. Gutiérrez-Avilés, L. Melgar-
García, R. Pérez-Chacón, C. Rubio-Escudero, J. C. Riquelme, and A. Troncoso. (2020) 
Big Data.Aug 2020.308-322. doi:10.1089/big.2020.0051 

16. Wisconsin Department of Health Services, https://www.dhs.wisconsin.gov/covid-19/hosp-
data.htm#HCW%20trend 

17. Data USA. https://datausa.io/profile/geo/milwaukee-wi/#about 
18. How Rich Countries Are 'Hoarding' The World's Vaccines, In Charts. 

https://www.npr.org/sections/goatsandsoda/2020/12/03/942303736/how-rich-countries-
are-hoarding-the-worlds-vaccines-in-charts 

19. COVID-19 Vaccination Program Interim Operational Guidance Jurisdiction – CDC. 
https://www.cdc.gov/vaccines/imz-managers/downloads/Covid-19-Vaccination-Program-
Interim_Playbook.pdf 

20. Here’s Why Distribution of the Vaccine Is Taking Longer Than Expected. 
https://www.nytimes.com/2020/12/31/health/vaccine-distribution-delays.html 

21. From the Factory to the Frontlines. https://www.hhs.gov/sites/default/files/strategy-for-
distributing-covid-19-vaccine.pdf 

22. Emanuel EJ, Luna F, Schaefer GO, Tan KC, Wolff J (2021) Enhancing the WHO's Pro-
posed Framework for Distributing COVID-19 Vaccines Among Countries. Am J Public 
Health. 2021 Mar;111(3):371-373. doi: 10.2105/AJPH.2020.306098 

 


