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Abstract

The novel coronavirus (COVID-19) was first reported in the U.S. on December 29, 2019 and has spread rapidly throughout
the country, affecting individuals with varying severity due to their risk status. According to the Centers for Disease Control
and Prevention, it is estimated that 45.4% of US adults are at higher risk for complications from coronavirus disease because
of cardiovascular disease, diabetes, respiratory disease, hypertension, or cancer. In this study, we developed a mathematical
model to assess the impact of a COVID-19 vaccine among low and high risk groups. Numerical simulations shows vaccinating
both low and high risk groups simultaneously, rather than prioritizing the vaccine on high risk group only, further reduces the
daily mortality. The result supports the need for an aggressive vaccination program, regardless of whether individuals are
within the low or high risk population.

Keywords: COVID-19; non-pharmaceutical interventions; vaccinations; vaccine doses; pre-existing condition; high risk;
low risk.

1 Introduction
The novel coronavirus (COVID-19) originated in Wuhan, China, where the first cases were recorded on December 29, 2019
[1]. Coronavirus failed to be contained and spread across the world, quickly becoming declared a pandemic. As of April 21,
2020, over 144 million people worldwide have been infected with COVID-19 and over 3 million people have died. Within the
United States alone, almost 32 million people have contracted coronavirus and over 569,000 Americans have died [2]. A study
conducted by Chen et al.[3] determined risk factors for COVID-19 death, using 1859 infected subjects. Findings showed that
older age put participants at a higher risk for death, with 70 years old being the median age of the deceased. Also, 74% of the
subjects who died from COVID-19 were male. Additionally, many of the deceased had pre-existing health conditions, with
50% of those who died having hypertension, compared to 29% of the surviving population having hypertension. In the same
regard, 28% of those who died had diabetes, compared to 12% of the living participants having diabetes. Out of the deceased
population, 8% had cancer, whereas only 3% of those who survived had cancer. The study also cited smoking history as a
risk factor for COVID-19 death [3]. Additionally, the CDC cited that 45.4% of U.S. adults are at a higher risk for COVID-19
complications due to cardiovascular disease, diabetes, respiratory disease, hypertension, or cancer [4].

There are currently three vaccines being used to stop the spread of COVID-19 in the United States: Pfizer-BioNTech,
Moderna, and Johnson & Johnson. Due to the limited supply of the vaccine to the general public, high risk groups and
frontline essential workers have been prioritized for vaccination. These phase 1 groups include healthcare workers, long-term
care facility staff and residents, education and childcare workers, military personnel, those with pre-existing health conditions,
and adults 65 and older. Low risk individuals are classified as those who are nonessential workers, under the age of 65 and
without pre-existing health conditions. As the vaccines become more available and most high risk group have been fully
vaccinated, vaccination will continue for the other groups (low risk). Over 125 million Americans have received at least one
dose of the coronavirus vaccine and almost 78.5 million individuals are fully vaccinated. Still, this only accounts for 37.9%
and 23.6% of the total population, respectively [5]. Thus, an analysis into the population-level impact of COVID-19 vaccine
administration among low and high risk populations is necessary considering the prioritization of a specific group (high risk),
the large amount of unvaccinated individuals in the United States, vaccine supply challenges, and the global impact of the
virus.

Previous research has been conducted using mathematical modeling to analyze the impact of a potential anti-COVID-19
vaccine on coronavirus transmission, such as in the model developed by Iboi et al. [6]. This study assumed a vaccine efficacy

*Corresponding author: Email: enahoroiboi@spelman.edu

1

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 April 2021                   doi:10.20944/preprints202104.0656.v1

©  2021 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202104.0656.v1
http://creativecommons.org/licenses/by/4.0/


of 80% and concluded that the United States could rid itself of COVID-19 if at least 90% of the U.S. population is vaccinated
and if non-pharmaceutical methods are also used in combination [6]. These studies, however, do not consider separating the
population into low risk and high risk categories. In this work, we use mathematical modeling to assess the population-level
impact of a COVID-19 vaccine of 95% efficacy among both high and low risk groups. This vaccine efficacy was determined
following announcements from Pfizer and BioNTech on November 18, 2020 [7]. The parameters used in this model are
estimated using available COVID-19 data for the United States from Johns Hopkins. The model is formulated in Section 2.
The results are presented in Section 3 which include parameters estimation of the model, and numerical simulations of the
model. Discussions and concluding remarks are presented in Section 4.

2 Methods and Materials

2.1 Model Formulation
For this study, we utilize a mathematical model to assess the impact of a COVID-19 vaccine among low and high risk popula-
tions in the United States. At time t, the total population (N(t)) can be divided into disjoint categories of low risk, unvaccinated
susceptible (SL

u (t)), high risk, unvaccinated susceptible (SH
u (t)), low risk, vaccinated susceptible (SL

v (t)), high risk, vacci-
nated susceptible (SH

v (t)), low risk exposed (EL(t)), high risk exposed (EH(t)), low risk asymptomatic-Infectious (AL(t)),
high risk asymptomatic-Infectious (AH(t)), low risk symptomatic-Infectious (IL(t)), high risk symptomatic-Infectious (IH(t)),
low risk hospitalized (JL(t)), high risk hospitalized (JH(t)), and recovered (R(t)) individuals. Thus,

N(t) = SL
u (t) + SH

u (t) + SL
v (t) + SH

v (t) + EL(t) + EH(t) +AL(t) +AH(t) + IL(t) + IH(t) + JL(t) + JH(t) +R(t).

The model is composed of the following nonlinear differential equations (where a dot represents differentiation with respect
to time t):

ṠL
u = −(λL + λH)SL

u − (ω + ψ1)S
L
u

ṠH
u = −(λL + λH)SH

u + ωSL
u − ψ2S

H
u

ṠL
v = ψ1S

L
u − (1− εv)(λL + λH)SL

v − ωSL
v

ṠH
v = ψ2S

H
u − (1− εv)(λL + λH)SH

v + ωSL
v

ĖL = (λL + λH)
[
SL
u + (1− εv)SL

v

]
− (σL + ω)EL

ĖH = (λL + λH)
[
SH
u + (1− εv)SH

v

]
+ ωEL − σHEH

ȦL = rσLE
L − (γLa + ω)AL

ȦH = gσHE
H + ωAL − γHa AH

İL = (1− r)σLEL − (ω + φLI + γLI + δLI )I
L

İH = (1− g)σHEH + ωIL − (φHI + γHI + δHI )IH

J̇L = φLI I
L − (γLj + δL)J

L

J̇H = φHI I
H − (γHj + δH)JH

Ṙ = γLaA
L + γHa A

H + γLI I
L + γHI I

H + γLj J
L + γHj J

H

(2.1)

where the forces of infection are given by

λL = βL

(
IL + ηLA

L

N

)
, λH = βH

(
IH + ηHA

H

N

)
. (2.2)

3 Data Collection and Analysis
The model (2.1) uses estimates for some of the non vaccine related parameters obtained from the literature (as indicated in
Table 3). Fitting the model (2.1) provided other parameter values in the context of a COVID-19 vaccine and the observed
cumulative data for the United States. We obtained from the John Hopkins University COVID-19 database, the cumulative
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Figure 1: Flowchart of COVID-19 Vaccination Model

mortality data from January 12, 2020 to February 24, 2021 [2]. We fit the model for this time period of the pandemic in
order to correctly capture the trends observed in the cumulative mortality data to examine vaccination impact in low and
high risk communities. Our decision to fit the model to mortality data, rather than case data, is due to the evidence of under-
reporting and under-testing of COVID-19 cases in various countries such as France, Italy, United States, Iran, and Spain [8, 9].
Therefore, the mortality data may provide a better indicator for COVID-19 case spread. The process of data-fitting involves
applying the standard nonlinear least squares approach using the fmincon Optimization Toolbox embedded in MATLAB. The
estimated values of the unknown parameters are tabulated in Table 3. Figure 2 depicts the fitting of the observed and predicted
cumulative mortality for the United States.
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Figure 2: Data fitting of the model (2.1) using the cumulative mortality data for the United States from January 12, 2021 to
February 24, 2021.

4 Results
The population-level impact of the COVID-19 vaccine on the cumulative and daily mortality will now be explored through
simulations of model 2.1 using parameter values in Table 3 unless otherwise stated. It is worth mentioning that the Pfizer-
BioNTech and Moderna vaccines with approximately 95% efficacy were administered to high risk individuals in the early
stages of vaccination, before Johnson & Johnson vaccination began. Our study assumed a daily vaccination of 3 million
people [10]. Figure 3a shows the impact of a 5, 10, and 15-fold increase in vaccination rate from the baseline value on
the cumulative mortality. Our simulation results project 498,163 cumulative mortality with a 5-fold increase in vaccination
rate (which corresponds to fully vaccinating approximately 15 million people per day) from the baseline value by February
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Figure 3: Model simulation displaying cumulative and daily mortality in the U.S. when vaccination rates are increased by 5,
10, and 15 fold. Dashed vertical line depict outcomes for 120 days after February 24, 2021.
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Figure 4: Model simulation displaying cumulative and daily mortality in the U.S. when low and high risk vaccination rates
are altered. Dashed vertical line depict outcomes for 120 days after February 24, 2021.
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24, 2021. This is a 1.36% decrease in cumulative mortality when compared to the baseline scenario (505,031). A similar
trend was observed with a 10-fold increase in vaccination rate (which corresponds to vaccinating about 30 million people
daily) from the baseline mortality value shows a projected 492,978 cumulative mortality by February 24, 2021. This is a
2.39% decrease in cumulative mortality when compared to the baseline scenario. Further, a 15-fold increase in vaccination
rate (which corresponds to vaccinating almost 45 million people daily) from the baseline value shows a projected 489,706
cumulative mortality from the baseline scenario, which is a 3.0% decrease from the baseline figure. Figure 3b shows the
impact of a 5, 10, and 15-fold increase in vaccination rate from the baseline value of 1,244 on the daily mortality. Our
simulation results project 1,027 daily mortality with a 5-fold increase in vaccination rate from the baseline value by February
24, 2021. This is a 17.5% decrease in daily mortality when compared to the baseline scenario. A similar trend was observed
with a 10-fold increase in vaccination rate from the baseline mortality value shows a projected 896 daily mortality by February
24, 2021. This is a 27.9% decrease in daily mortality when compared to the baseline scenario. Further, a 15-fold increase in
vaccination rate from the baseline value shows a projected 828 daily mortality, which is a 33.4% decrease from the baseline
figure.

Figure 4a depicts the impact of vaccinating both low and high risk groups on the cumulative mortality. Here we assume
approximately 3 million daily vaccinations of high risk group. A 20% decrease in high risk vaccination rate which corresponds
to vaccinating 2.4 million low risk group daily, and a 50% decrease in high risk vaccination rate which corresponds to vacci-
nating 1.5 million low risk group daily. Our simulation results project 502,041 cumulative mortality (1,113 daily mortality)
from the baseline value by February 24, 2021 when 3 million high risk individuals and 1.5 million low risk individuals are
vaccinated daily. This is a 0.6% decrease in cumulative mortality (10.5% daily) when compared to the baseline scenario. A
similar trend was observed when 3 million high risk individuals and 2.4 million low risk individuals are vaccinated daily. Our
result shows a projected 500,409 cumulative mortality (1,046 daily mortality) from the baseline mortality value by February
24, 2021. This is a 0.9% decrease in cumulative mortality (15.9% daily) when compared to the baseline scenario. Further,
when low risk vaccination rate is equal that of the high risk group (which corresponds to vaccinating 3 million high risk
individuals and 3 million low risk individuals daily) from the baseline value shows a projected 499,380 cumulative mortality
(1,005 daily mortality) from the baseline scenario. This is a 1.1% decrease in cumulative mortality (19.2%). Figure 4b shows
the need to consider vaccinating both risk groups at the beginning of the vaccination program rather than prioritizing the
vaccine on high risk group only. The result from Figure 3 and 4 supports the need for an aggressive vaccination program,
regardless of whether individuals are within the low or high risk population.

5 Summary and Conclusions
To gain a stronger understanding of the impact of the COVID-19 vaccine among low and high risk populations, we developed
a mathematical model to assess the vaccine effect on cumulative and daily mortality rates in the United States. Our simulations
portrayed the need for an aggressive vaccination in both low and high risk communities in order to reduce COVID-19 induced
mortality. For example, a 15-fold increase in vaccination rate (which corresponds to vaccinating almost 45 million people
daily) from the baseline value shows a projected 489,706 cumulative mortality by February 24, 2021, which is a 3.0% decrease
in the cumulative mortality from the baseline scenario. We assessed the impact of vaccinating both low and high risk groups
simultaneously on the cumulative mortality. Our results show that vaccinating the low risk population at the rate of only 50%
of the high risk population (corresponding to 3 million high risk individuals and 1.5 million low risk individuals daily) results
in a 0.6% decrease in cumulative mortality.

In conclusion, this study shows the need to complement the fight to eliminate COVID-19 in the United States through
vaccination in addition to other non-pharmaceutical interventions, such as face mask usage and social distance. Vaccinating
individuals, regardless of their risk status, will further decrease the both the cumulative and daily mortality in the United
States. The increase of vaccination rates of high and low risk populations should be a priority in order to avoid an ongoing
increase in daily cases and deaths being recorded.
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Table 1: Description of the state variables of the model (2.1)

State Variable Description (L = low risk, H = high risk)
SL
u Population of low risk, unvaccinated susceptible individuals
SH
u Population of high risk, unvaccinated susceptible individuals
SL
v Population of low risk, vaccinated susceptible individuals
SH
v Population of high risk, vaccinated susceptible individuals
EL Population of low risk, exposed individuals
EH Population of high risk, exposed individuals
AL Population of low risk, asymptomatic-Infectious individuals
AH Population of high risk, asymptomatic-Infectious individuals
IL Population of low risk, symptomatic-Infectious individuals
IH Population of high risk, symptomatic-Infectious individuals
H Population of hospitalized individuals
JL Population of low risk hospitalized individuals
JH Population of high risk hospitalized individuals
R Population of recovered individuals

Table 2: Description of the parameters of the model (2.1)

Parameter Description
δLI , δ

L
j (δ

H
I )(δHj ) Mortality rate, symptomatic low risk (high risk)

φ Hospitalization rate
γa(γI)(γH) Recovery rate, Asymptomatic (symptomatic/hospitalized)
ω Rate of transition from low risk to high risk unvaccinated (vaccinated) population
σ Rate of transition from exposed to infectious
r Low risk recovery rate
g High risk recovery rate
ψ Vaccination rate
εv Vaccine efficacy
βL(βH) Transmission probability of low risk (high risk) population
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Table 3: Parameter values for the model (2.1)

Parameter Value Reference
r/g 0.65 [6]
ψ1 0.039 [5]
ψ2 0 [5]
εv 0.95 (0.94) (0.72) [11]
σH 0.19 [12]
σL 0.2 [12]
γLI 0.15 [4, 12]
γHI 0.14 [4, 12]
γLA 0.15 [4, 12]
γHA 0.14 [4, 12]
γJ 1/14 [12]
ηL 0.25 [12]
ηH 0.25 [12, 13]
βL 0.7906 Fitted
βH 0.2562 Fitted
ω 0.0385 Fitted
φLI 0.083 [12]
φHI 0.1245 Estimated
δLI 0.02052 [12]
δHI 0.026676 Estimated
δLj 0.015 [12]
δHj 0.0195 Estimated
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