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ABSTRACT
In this paper we use a data driven SIR model to capture the dynamics of the spread
of the SARS-CoV-2 pandemic in the state of Michigan, USA before vaccines were
available. The model is then used to formulate an optimal control problem in which
we perform sensitivity analysis involving vaccine efficacy, capacity, and hesitancy.
We obtain numerical approximations for best strategies for vaccination, treatment,
and social distancing measures and their effect on the spread of the virus.
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Introduction

Pathogenic RNA viruses are one of the most important groups involved in zoonotic disease transmission and they represent a
challenge for global disease control. Their biological diversity and rapid adaptive rates have proven difficult to overcome and
to anticipate by modern medical technology (Carrasco-Hernandez, 2017). A commonly known example of a pathogenic RNA
virus is influenza. RNA viruses show remarkable capabilities to adapt to new environments and confront the different selective
pressures they encounter. Selective pressures on viruses not only include their host’s immune system and defense mechanisms,
but also the current artificial challenges devised by the biomedical community (i.e. the deployment of drugs and vaccines). Their
peculiar rate of adaptive evolution arises from their exceptionally high mutation rates (Carrasco-Hernandez, 2017).
Corona viruses (CoVs) are the largest group of viruses belonging to the Nidovirales order. All viruses in the Nidovirales
order are enveloped, non-segmented positive-sense RNA viruses (Fehr and Perlman, 2015). Corona viruses usually cause mild to
moderate upper-respiratory tract illnesses like the common cold. However, Coronavirus disease 2019 (COVID-2019) is among
new corona viruses that have emerged from animal reservoirs to cause serious and widespread illness and death. It is known as
Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) (Indwiani and Ysrafil, 2020).
In our work, we will consider an optimal control problem with evolution dynamics derived from the classic SIR model,
which divides a given population into three compartments; Susceptible (S), Infected (I), and Removed (R).
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Figure 1: Basic SIR model schematic.
As can be observed from the schematic, our SIR model is characterized by two parameters, β and γ, that represent the
disease transmission and removal rates respectively. For simplicity of analysis of the optimal control problem we plan to derive,
our model ignores birth and non-agent related death rates. Our work will estimate β and γ using data related to the spread of
the virus in the state of Michigan, USA. The goal is to capture the trends of the virus spread in the Michigan population under
unchanged conditions. With this knowledge we cast an optimal control problem with mixed constraints, i.e., constraints that
involve the state variables (S, I, R) and control functions that characterize vaccination (u1 ), treatment (u2 ) and social distancing
efforts (u3 ). Our analysis seeks to understand optimal interventions to control the spread of the virus that are specific to the
state of Michigan as well as identify the types of interventions that have the greatest effect. The solution to the optimal control
problem establishes strategies (controls) that reach the lowest possible level of susceptible in the population at time T , minimize
the sum total of infected individuals; and do so while using the least amount of intervention (controls) as possible. Constraints in
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our problem allow us to incorporate limits involving the availability of the vaccine, the public’s apprehension to the vaccine, and
the capacity of the health care system in Michigan. We will expand on other mathematical details of this problem in Section 3.
A significant volume of work has been undertaken in the past year to better understand SARS-CoV-2 given its impact to our
world. Optimal control theory and its application to optimal vaccination strategies and treatment has also been widely studied.
The literature is plentiful with general studies that establish necessary conditions for optimality, singularity and other properties
of optimal controls (see Biswas et al., 2014; Gaff and Schaefer, 2009; Ledzewicz and Schattler, 2011; Neilan and Lenhart, 2010,
for example). Our study is different in that it seeks to best understand these optimal strategies specific to trends of the spread
of the virus in the state of Michigan. This is important since the virus has affected states and communities in different ways,
which can lead to different optimal strategies. Our model is further novel in that it not only includes constraints involving the
weekly availability of vaccines, like Biswas et al. (2014) and Neilan and Lenhart (2010), but also adds a constraint to capture the
communities’ willingness to vaccinate and a control function to capture social distancing strategies. To our knowledge there are
currently no models specific to Michigan SARS-CoV-2 that utilize optimal control in order to analyze the best combination
of interventions with regards to social distancing, vaccination, and treatment. Our numerical simulation work will study the
effects of changes in vaccine effectiveness (Section 4.1), availability (Section 4.2), and hesitancy (Section 4.3).

2
2.1

A SIR Model for Michigan
The SIR Model

The SIR (or Kermack-McKendrick) compartmentalized model describes a system of coupled nonlinear ordinary differential
equations: S represents the susceptible to the epidemiological agent (hereafter simply agent). Next, I, corresponds to those infected who were once susceptible and R designates those who have been removed from the previous compartments by either
recovering or retiring mortally from the agent (Kermack and McKendrick, 1927). The basic SIR model assumes that the population size is fixed (i.e., no births, no deaths due to disease nor by natural causes) and closed (no immigration or emigration is
accounted for). In addition, there is no latent state (a category of exposed individuals), and the duration of infectivity is the same
as the length of the disease. It also assumes a completely homogeneous population with no age, spatial, or social structure. All
of these assumptions fall short of resembling the complete dynamics of the spread of COVID-19 and as such predictions should
be interpreted through the lens of these limitations. The dynamics of the aforementioned compartments may be modeled by a
system of ordinary differential equations given by the following:
dS
= −βSI,
dt

dI
= βSI − γI,
dt

dR
= γI,
dt

(1)

where t represents time measured in weeks. The two positive constants β and γ represent the disease transmission coefficient
and the removed rate, respectively. The fraction 1/γ is also the average infectious period by an infected. We further assume that
recovered individuals become immune in perpetuity. In our work the system is normalized, that is, the parameters are adjusted
so that S + I + R = 1.
In our analysis we will be interested in two important numbers associated with the model. The basic reproductive number,
R0 is given by the multiplication of the contact rate β times the average infectious period 1/γ. In a normalized system like ours,
this number may also be referred to as the contact number and can be interpreted as the average number of contacts that an
infected has while able to infect (Hethcote, 2000). The number R0 S (t) is referred to as the replacement number, the number
of secondary cases from a typical infective, and when R0 S (t) goes below one it is an indication that the epidemic is dying out.

2.2

Data Driven Parameters

In order to model the Michigan SARS-CoV-2 data, which included cases and deaths, was downloaded from the MDHHS
Coronavirus website (MDHHS, 2021). A third party website from the COVID Tracking Project (2021) was used for Michigan time-series recovered data dating back to April 2, 2020. For our work, we determined the number of active cases (actual
infectious) per week by calculating a(t) as

a(t) = c(t) − d(t) + r(t) ,
where c(t) are the cumulative cases, d(t) and r(t) are cumulative deaths and recovered, respectively. The data was then normalized so that 1 = S + I + R, with a Michigan state population of 9.9868 million.
Our approximations are made so that the initial values for S, I, and R match our respective data set from April 2, 2020. We
then prioritize the fit for COVID-19 cases during weeks 30–40, which are colored green in the top graph in Figure 2. These
represent the latest upward trend that began in the late Fall of 2020. There were two reasons to prioritize this data. First,
we wanted to capture the upward trend in order to best understand the trends in the spread before vaccinations were available.
Second, given that our basic model assumes a constant infection rate, it isn’t able to capture the fluctuations in the rate of change
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Figure 2: SIR modeled Infected versus recent Michigan data (top: Michigan data [selected points for fitting in green]; bottomleft: data fit full-scale; and bottom-right: zoom).

of infections from week to week as observed in the data at the top of Figure 2. To approximate the model parameters, β and γ,
we solve the system of differential equations with estimated values and then evaluate the fit accuracy by comparing the values
using the mean-squared error (MSE):
n

MSE =

1 ∑︁
(y − ŷ) 2 ,
n i=1

where y is the vector of observed values and ŷ is the vector of predicted values. Adjustments are made to β or γ as needed and the
process is repeated until the MSE is minimized. Using this method, we achieve parameter values of β = 0.3270 and γ = 0.1008
with a MSE of 7.15 × 10−5 . It is clear from the MSE as well as the graph (see bottom-right graph in Figure 2, that these parameter
values capture the general trends of the spread of the virus. We emphasize these parameters are plausible and sufficient for our
optimal controls study, but they should not be relied upon as “true” parameters. However, there are examples of parameter
approximations that are similar to the ones obtained in this study (see Cooper et al., 2020).
Our estimated parameters indicate then that the average infectious period by an individual is 1/γ ≈ 9.9206 days, the basic
reproductive number is R0 = β/γ ≈ 3.244047. The last implies the requirement that the susceptible population drop below
1/R0 ≈ 0.30825 in order to see the epidemic die out.

3
3.1

The Optimal Control Problem
The Optimal Control Model

We now adjust the SIR model to account for the effects of vaccination (u1 ), successful treatment (u2 ), and social distancing
measures (u3 ) with functions u1 , u2 , u3 , all of which are time dependent. The new model will thus account for the rates at which
a percentage of the population leave the susceptible compartment due to successful inoculation (ev u1 S1 ) where ev represents
the level of efficacy of the vaccine, the infected population is reduced due to treatment (u2 I), and the reduction of the virus
transmission rate achieved by social distancing measures ((1 − u3 )β). These changes are expressed in the schematic shown in
Figure 3.
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Figure 3: SIR model schematic reflecting incorporated controls.
We define the following optimal control problem with mixed constraints (OC-P):
Minimize

S 2 (T ) +

∫
0

T

AI 2 (t) + Bu21 (t) + Cu22 (t) + Du23 (t) dt

such that:

(Performance Measure)
(2)

dS
dt
dI
dt
dR
dt
dW
dt
u1 (t)S (t)

= −(1 − u3 )βSI − ev u1 S

(Dynamics)

= (1 − u3 )βSI − γI − u2 I
= γI + ev u1 S + u2 I
= u1 S

(3)

≤ τ0

(4)

u2 (t)I (t) ≤ ζ0

(5)

W (T ) ≤ V0
0 ≤ ev , u1 , u2 , u3 ≤ 1
with initial conditions S (0) = S0 , I (0) = I0 , R(0) = R0 , and W (0) = 0. The last state equation (3) is introduced so that
together with the inequality constraint W (T ) ≤ V0 we may capture the maximum number of susceptible that are willing
to receive a vaccine by the end of the treatment time T > 0. This state equation is also used in (Biswas et al., 2014) where a
∫T
discussion of how it may be recast as an integral constraint 0 u1 (t)S (t) dt ≤ V0 as in (Neilan and Lenhart, 2010). Thus
W (t) represents the number of susceptible willing to vaccinate in the time period [0, t]. The first constraint (4) restricts the
amount of vaccine available at each unit of time and will allow us to simulate restrictions in weekly supply of vaccinations. The
constant τ0 represents the maximum availability of vaccine per unit of time (week). The second constraint (5), by contrast,
represents the weekly limits of treatment capacity with ζ0 representing the maximum treatment capacity. It is noteworthy that
our approach here incorporates the approach used in (Neilan and Lenhart, 2010) with the extra state equation and (Biswas et al.,
2014) with the maximum vaccine load per unit time restriction. However, in (Neilan and Lenhart, 2010) the inequality is used
to limit the maximum available vaccine while we assume that vaccines will be unlimited in the long term and only limited on a
weekly basis. In addition, inequality (5) is not included in either of the aforementioned analysis.
The performance measure seeks to minimize the total number of infected, the total use of interventions (vaccines, treatment,
social distancing) and the final number of susceptible. The constants A, B, C and D are relative weights that allow us to assign
more importance to the minimization of one term versus another.
Throughout we assume that each control ui : [0, T ] → [0, 1] is piecewise continuous and the parameter ev ∈ [0, 1] represents the level of efficacy of the vaccine to produce a sufficient immune response.

3.2

Existence of Solutions

Although much of our work will be devoted to numerical simulations involving our optimal control model introduced above,
we wish to first establish that the optimal control model admits solutions. To this end, we will first state a general optimal control
problem with mixed constraints and a fundamental existence result available for it. To guarantee existence of solutions for our
problem (CO-P) we then need only show that it can be seen as a special case of this general problem (P).
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Preliminary existence result

Consider an autonomous (not explicitly dependent on t) constrained optimal control problem
∫ T
(P)
Minimize l(x(T )) +
L(x(t), u(t)) dt
0

subject to:
x¤ (t) = f (x(t)) + g(x(t))u(t)
M (x(t))u(t) − A0 ≤ 0 for all t
u(t) ∈ U a.e. t
x(0) = x0
x(T ) ∈ IRn
with minimization occurring over all pairs (x, u) with x : IR → IRn absolutely continuous and u : IR → IRm Lebesgue measurable. Given that u(·) is only assumed to be measurable, the inclusion is true almost everywhere (a.e.), that is for all t ∈ [0, T ]
except some in a set of measure zero. The variable x represents the state and u the controls, both of which may be vectors. In
addition, the functions f and g satisfy f : IRn → IRn and g : IRn → IRm , 0 is the 2 × 1 vector with zeros in all components,
A0 ∈ IR2 is a given constant vector, and M : IRn → IR2×m . T is fixed and represents the number of weeks since the initial time.
Existence of solutions for (P) is established by the following theorem, which is also invoked in (Biswas et al., 2014).
Theorem 1. Suppose that
(a) each function l, L, f , g, and M is continuous in x,
(b) U is a compact set ( in our context this means closed and bounded),
(c) given a closed set C ⊂ IRn , there exists a positive constant M so that x ∈ C ⇒ |g(x)| ≤ M (1 + |x|),
(c) the function L(x, u) is convex and bounded below,
(d) there is at least one pair (x, u) such that l(x(T )) +

∫T
L(x(t), u(t)) dt is ﬁnite.
0

Then (P) admits a solution pair (x, u).
The proof of this theorem can be obtained with minimal adjustments from Theorem 23.11 in (Clarke, 2013). See also
(Biswas et al., 2014).
3.2.2

Existence of solutions for OC-P

In this subsection we offer a proof of existence for our posed optimal control problem (OC-P) that is constructed by showing
that (OC-P) is a special case of the stated general problem (P) so that Theorem 1 applies.
Theorem 2 (Existence of Solutions to OC-P). As stated, OC-P admits a solution.
Proof. It is enough to show that this problem can be represented by (P) and satisfies the assumptions of Theorem 1 above.
Notice that in OC-P, L(x(t), u(t)) = AI 2 (t) + Bu21 (t) + Cu22 (t) + Du23 (t) and l(x(T )) = S 2 (T ) both of which are continuous,
convex and bounded below by zero. In addition, the dynamics can be described in the form x¤ (t) = f (x(t)) + g(x(t))u(t) by
setting x = [S, I, R, W ] T , u = [u1 , u2 , u3 ] T and
 −βSI 


βSI − γI 


g(x) = 

 γI 
 0 



and

−ev S

 0
g(x(t)) = 
 ev S
 S


0
−I
I
0

βSI 
−βSI 
.
0 
0 

It is clear that each f and g are continuous given the continuity of each their entries. The control set U = [0, 1] satisfies the
desired compactness. The boundedness assumption (c) of Theorem 1 follows from the fact that each of the components in
every term of g as described above is in the set [0, 1]. Any solution to the differential equations system will result in a bounded
Performance Measure given that every state variable (S, I, R, W ) achieves values in the set [0, 1] as do all the control functions.
Furthermore, the inequality constraint can be achieved to have the form m(x(t))u(t) − A0 ≤ 0 by setting


S 0 0
M (x) =
and
A0 = [τ0 , ζ0 ] T .
0 I 0
Thus all of the conditions of the theorem are satisfied and we have guaranteed existence of an optimal pair (x, u).

□
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Simulations

We now turn our attention to obtaining numerical solutions of our model. We will perform three simulations involving vaccine
efficacy, capacity, and hesitancy. Our work uses GEKKO a Python package for machine learning and optimization (Beal et al.,
2018). Initial values for the state variables S, I, and R and the parameters β and γ are derived from the data with a starting date
of April 2, 2020. In all simulations we set A = 6, B = 1, C = 1, and D = 2 in an effort to capture the importance of keeping the
number of infected as well as social distancing measures (u3 ) as low as possible. The cost of social distancing can be understood
not only as it relates to the discomfort of individuals, but also the socioeconomic challenges of business and school shut downs.
We therefore set it to be twice as “expensive” than the cost of treatment and vaccination. We initially considered variations of
these relative importance parameters. In our efforts, we did not observe any significant or qualitative changes in optimal strategies
when varying the cost of vaccination and treatment (C and D). Drastic variations of A and B to prioritize the relative importance
of the susceptible versus the infected, did result in changes to optimal treatment given that in the case when A is much larger
than B the only way to achieve the lowest possible susceptible is to increase the infective compartment, which is not desirable. In
all cases, optimal vaccination strategies did not change and as long as there is a balanced interest in reducing both the infective
and susceptible populations, the model generated similar control strategies to the ones with our chosen values for A, B, C and
D. More theoretical work could be done in the future to understand exactly how these parameters affect the optimal strategies.
All parameters utilized in our simulations are summarized in Table 1. Numbers with an asterisk represent a default value
that will be varied in simulations. The total treatment period of 91 weeks is chosen to understand the spread of the virus through
Table 1: Parameters for the normalized SIR model for all of Michigan.
Parameter
T
β
γ
ev
S0
I0
R0
V0
τ0
ζ0

Description
Considered Time
Disease transmission rate
Recovery rate
Effectiveness of vaccine
Initial susceptible population
Initial infected population
Initial removed population
Population vaccine acceptance (percent)
Maximum vaccine available per week
Maximum treatment capacity (percent)

Value
91 weeks
0.3270
0.1008
70*
≈1.000
3.1540 × 10−6
0.0000
0.70*
0.0185*
0.0026

the end of the year 2021, as many hope that by 2022 life will go back to “normal”. In addition, all controls are set to become
active after 30 weeks past April 2, 2020 when vaccination became available in Michigan. Prior to 30 weeks all controls are set to
zero. The maximum treatment capacity is estimated by using data from the state of Michigan on bed capacity in local hospitals
(26,512) and the percentage of the population (70%) willing to receive the vaccine is based on surveys given to the population
(see question 14 in EPIC-MRA, 2021).

4.1

Vaccine Effectiveness Study

Numerous factors can contribute to the effectiveness of any vaccination program; we focus here on one example. Vaccination
has been an effective strategy against influenza infection, however, current preventative vaccines consisting of inactivated virions
(chemically deactivated viruses (Sanders et al., 2014)) do not protect all vaccine recipients equally. Typically, influenza vaccines
protect 70 to 90 percent of the recipients among healthy young adults and as low as 30 to 40 percent of elderly and others with
weakened immune systems (such as HIV-infected or immunosuppressed transplant patients) (Alexander et al., 2004). At the
time of writing this article, there are a few vaccines that have been approved and are currently being used in the state of Michigan
(Ex. Pfizer, Moderna, Johnson&Johnson) with effectiveness to produce sufficient immune response ranging from 67% to 95%
(Mayo Clinic, 2021). In our study we will compare best strategies and outcomes of the model using vaccination efficacy of 30,
70, and 90 percent.
The graphs in Figure 4 show that the vaccination optimal strategy is a bang-bang control. That is to say that it bounces
between it’s possible allowed extreme values. In this case, it seeks to vaccinate as many as possible for as long as possible and it is
zero otherwise. This type of optimal strategy for this problem is supported by the literature in both (Gaff and Schaefer, 2009)
and (Biswas et al., 2014). It is not surprising to see the correlation between vaccine efficacy and the number of susceptible at the
end of treatment (S (T )) as the percentage of susceptible decreasing by 1 for each 1.4–1.5 percent increase in efficacy. However,
it is noteworthy that even with a vaccine efficacy of 90%, the percentage of susceptible at the end of the year (34.75%) is above
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). Weekly vaccination rate: 1.85%, Willingness to vaccinate: 70%.

Table 2: Vaccine effectiveness (ev ) study. Vaccine efficacy is varied between 30 and 90 percent.
ev
0.9
0.7
0.3

S (T )
34.75%
48.5%
75.6%

Total Infected × 106
1.1
1.2
1.4

the desired contact number ratio 1/R0 ≈ 0.30825 or 30.8% that ends the epidemic. Certainly, 90% vaccine efficacy is helpful
and desirable, but under the default values of people willing to vaccinate, it isn’t enough to guarantee best outcomes. In terms
of social distancing, 30% efficacy of vaccination would require significantly greater social distancing measures that would be
expected to continue given the sharp increase seen in the infected population (Upper right, Figure 4). The total number of
infected is significant under all scenarios simulated, see Table 2.

4.2

Vaccine Capacity Study

We now consider the impact on the spread of the virus if the weekly vaccination rate can be significantly increased. Our default
vaccination capacity was selected by considering the apparent weekly vaccination rate in the state as of March of 2021. We
contrast this rate with higher rates of vaccination given the likely increase in vaccination capacity and deployment in coming
months. We believe the higher 3.7% rate is plausible as it is derived from the following scenario (Campbell and O’Caroll, 2020):
Suppose that maximum weekly capacity for dispensing the vaccine is 5,000 per day in a city with a population of 672,662.
Statewide that would translate to 74,525 vaccinations per day. If we assume that vaccinations were limited to five days a week
(weekdays) the result is 372,625 vaccinations per week. This number represents a weekly vaccination capacity of approximately
3.7 percent of the state’s population. Finally, a vaccination rate of 10% is considered. A rate this high would require almost
1 million vaccinations be administered each week in the state of Michigan alone, which we believe to be unrealistic. However,
we think it is a good measure of an upper bound for possible outcomes achieved with increased vaccination capacity rates.
The graphs in Figure 5 show that a higher vaccination rate will reach lower susceptible levels sooner. For example, the lowest
level is observed to occur in week 40 when the rate is 10% as opposed to in week 70 with a rate of 1.85%. However, in all cases the
susceptible population remains approximately within 0.6% from 48%, see Table 3. Without interventions, this level would result
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Figure 5: Vaccination Rates 1.85%(−−) vs. 10%(

). Vaccine efficacy: 70%, Willingness to vaccinate: 70%.

Table 3: Vaccine capacity study, varying the maximum allowed weekly rate of vaccination (u1max ).
u1max
0.1
0.037
0.0185

S (T )
49.24%
48.9%
48.5%

Total Infected × 106
0.946
1.07
1.2

in the resurgence of the virus and future outbreaks as can be expected from the upward trend in the infective curves. With half of
the population still susceptible these scenarios would likely overwhelm available medical services. The total number of infected
is significantly impacted implying higher vaccination rates are certainly desirable. The social distancing graphs highlight the
significantly higher social distancing measures that would be necessary to sustain for longer periods under the the lowest vaccine
capacity regiment.

4.3

Vaccine Hesitancy Study

Our last simulation study involves the effects of having more people who are willing to vaccinate. We consider willingness of
vaccination at 70, 80, and 90 percent of the population. We do not assume an increase in vaccination rate or efficacy of the
vaccine so that both stay at the default 3.7% and 70% respectively.
As the population’s willingness to receive the vaccine increases we see a steady decline in the susceptible population at the
end of treatment. We observe in Table 4 that, for each 10% increase in the number of vaccinated, we see a 7% decline in the total
susceptible at the end of treatment. However, the total susceptible is still above the desired epidemic halting value of 30.8%. The
number of infected does stay steady in all three scenarios and optimal social distancing measures appear to be very similar.

4.4

Achieving an Epidemic Halting Model

In all of the simulations studied above, the results of optimal strategies resulted in outcomes that in some cases came close to
halting the epidemic, though in no case was the outcome enough. In this section, we wish to simulate a combination of what we
consider are achievable measures. To that end we will assume a vaccination rate of 3.7%, vaccine efficacy of 90% and at least 80%
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). Vaccine efficacy: 70%, Vaccination rate: 1.85%.

Table 4: Vaccine Hesitancy Study. V0 : percentage of population willing to receive vaccine.
V0
90%
80%
70%

S (T )
34.5%
41.52%
48.5%

Total Infected × 106
1.18
1.19
1.2

of population vaccinates. As noted by the graphs in Figure 7 halting the epidemic becomes possible by the end of the studied
time period of 91 weeks.

Table 5: Achievable epidemic halting model. ev : vaccine efficacy, V0 : percentage of population willing to receive vaccine.
ev
90%

V0
80%

S (T )
26.30%

Total Infected × 106
0.952

In this achievable and optimal scenario, we see the numbers of patients that need treatment reach almost zero around 60
weeks, which in our model corresponds to the summer of 2021. We also observe that the infective curve has a downward trend
and that around 53 weeks the susceptible population drops to 26.3%, which allows for the desired R0 S (T ) < 1. Finally, we see
that social distancing measures are near zero at around 55 weeks. Given the dates used and other assumptions of our model, this
would correspond to the ability for the population to achieve a more normal lifestyle in the summer of 2021.
We note here that we consider a 90% success rate for the vaccine achievable based on its efficacy to eliminate severe COVID-19
disease. We do not yet know if current results of this efficacy will continue in the future or with the presence of new variants of
the virus.
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Figure 7: Best case scenario considered: Willingness to vaccinate: 80%, Vaccine Efficacy: 90%, Vaccination rate: 3.7%.

5

Conclusion

In this article we present a data derived model for the spread of the COVID-19 virus in the state of Michigan that captures the
trends of the spread during the surge in infections from late October to December of 2020. An optimal control problem is
formulated and simulations are performed to study how changes in vaccine capacity, vaccine effectiveness and vaccine hesitancy
affect outcomes and optimal virus deterrent measures. In all cases the optimal vaccine regiment requires that vaccination occur
at capacity for as long as there are people left to vaccinate. In addition, we see that the number of infected in all simulations
hover between 0.9 million and 1.4 million by the end of the treatment period of 91 weeks.
Our results illustrate that both the vaccine’s efficacy to produce an immune response and the percentage of the population
willing to vaccinate have the greatest effect in reducing the number of susceptible individuals. The rate of vaccination by contrast,
has the greatest effect in the reduction of the total number of infected. We also observe that in all cases the measures simulated
are not enough on their own to guarantee a desirable final outcome of control of the spread of the virus since none of the first
three scenarios reach the pandemic halting condition that the contact number ratio satisfy S (t) < 1/R0 . We did observe that by
utilizing improved achievable outcomes for all controls, the model points to a pandemic that can be halted. This is an indication
that no one control can work alone, but that instead multiple successful interventions are necessary.
Finally, though our results are not to be interpreted as predictive, they highlight the importance of having multiple successful intervention strategies. In particular, our results point to the important effects of vaccine efficacy and acceptance by the
population on virus containment. This qualitative conclusion applies not only to Michigan specifically but to other countries
in the world experiencing the pandemic.

6

Future Work

In future work we wish to consider another compartment of people who were previously removed but have contracted the virus
in order to capture the impact of recent virus variants that may be resistant to current vaccination treatments. From a more
analytical perspective, we wish to further study the regularity of the optimal control strategies with regards to singularity and
sensitivity to various parameters.
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