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Abstract. Methicillin-Resistant Staphylococcus Aureus (MRSA) infection can occur alongside or fol-

lowing COVID-19, which is a concern in healthcare settings. The effectiveness of antiviral treatments

for COVID-19 depends on a functioning immune response, but antibiotics used for bacterial infections

like MRSA can disrupt the immune response and reduce the effectiveness of antiviral treatments. The

emergence of MRSA due to excessive antibiotic usage has led to the widespread use of vancomycin as

an alternative treatment. Immunomodulatory antibiotics like azithromycin may also be considered.

To study the dynamics of these coinfections, a multiscale model was developed. Parameter estimation

and sensitivity analysis were performed, revealing influential parameters affecting the reproduction

number. Numerical simulations showed that methicillin (m = 1) increases populations of co-infected

cells (E6), SARS-CoV-2 virus (V2), and MRSA bacteria (BN ), and neutrophil populations (N3) re-

main unaffected with methicillin. Increasing vancomycin effectiveness from 50% to 90% significantly

reduces MRSA populations in individuals infected with MRSA (BM ) and individuals coinfected with

COVID-19 and MRSA (BN ), with no notable changes on other cell populations. Similarly, enhancing

the efficacy of immunomodulatory antibiotics (σ3) results in an increased neutrophil population (N3)

without significant impacts on other cell populations. Higher β3 values increased individuals coin-

fected with COVID-19 and MRSA (ICM ) at the between hosts, with no effect on other populations

while within host cells infected with COVID-19 (E2) significantly increased with higher β3 and de-

creased with lower values. This underscores the coinfection rate’s crucial role in promoting coinfected

individuals, posing epidemiological concerns due to potentially severe health outcomes and acting as

reservoirs for both pathogens (SARS-CoV-2 and MRSA bacteria). This study emphasizes the impor-

tance of continuous research, surveillance, and the development of effective strategies to combat the

complexities of COVID-19 and MRSA coinfection.

1. Introduction

During the COVID-19 pandemic, prophylactic antibiotics such as methicillin, metronidazole, van-

comycin, doxycline, clarithromycin, erythromycin, ciprofloxacin, and daptomycin were administered to

patients to prevent the development of bacterial infections, as there were no antiviral drugs available at

that time. However, the overuse and misuse of antibiotics led to the emergence of antibiotic-resistant

strains of staphylococcus aureus, including methicillin-resistant staphylococcus aureus (MRSA) and

vancomycin-resistant staphylococcus aureus [4]. Consequently, this led to the coinfection of COVID-19

and MRSA. In the context of this article, the term coinfection refers to staphylococcus aureus bacterial

infection that can either occur concurrently with COVID-19 or develop as a subsequent infection follow-

ing the primary SARS-CoV-2 infection. It encompasses both coinfection and superinfection. Coinfection
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generally refers to the simultaneous presence of multiple infectious agents, such as bacteria and viruses,

in an individual. On the other hand, superinfection specifically refers to a secondary infection that

occurs during the course of an existing infection, where the subsequent infection is caused by a different

organism or strain [32]. Therefore, throughout this article, we will utilize the term coinfection to refer

to both coinfection and superinfection, acknowledging the intertwined nature of the staphylococcus

bacterial infection with COVID-19. By doing so, we aim to provide a comprehensive analysis of the

bacterial aspect of COVID-19 and contribute to a deeper understanding of the multifaceted challenges

posed by infectious diseases. Research conducted by [35] revealed that among 3,492 COVID-19 patients

who were screened, 224 patients were positive to staphylococcus aureus and these strains were resistant

to methicillin. Similarly, a study by [42] found a strong link between high levels of antibacterial drug

consumption and the prevalence of antimicrobial resistance. MRSA is a type of staphylococcus aureus

that no longer responds to antibiotics and has caused significant morbidity and mortality in health-

care settings [22]. MRSA develops in staphylococcus aureus when the bacteria acquires a specific gene

called mecA, which is found on the MRSA cassette chromosome mec element type A. The mecA gene

encodes for Penicillin-Binding Protein 2a (PBP2a), a protein that has a lower affinity for beta-lactam

antibiotics such as methicillin. When the mecA gene is present in staphylococcus aureus, it makes the

bacteria resistant to beta-lactam antibiotics, including methicillin, reducing the effectiveness of these

drugs against the bacteria. Despite exposure to these antibiotics, the resistant staphylococcus aureus

strains can survive, grow, and reproduce. Over time, these resistant strains can become more prevalent

in the host population, leading to the emergence of MRSA. It can spread by touching objects that have

been contaminated by MRSA, such as towels, bandages, or medical equipment. MRSA can survive on

surfaces for a significant amount of time, which makes it easier for it to spread in environments where

many people are in close contact, such as hospitals or nursing homes [72]. MRSA is commonly found

on the skin and respiratory tracts and has been identified as one of the main causes of lung infections

in COVID-19 patients [10]. MRSA infections can be difficult to treat, as they are resistant to many

commonly used antibiotics. Treatment typically involves the use of alternative antibiotics that are still

effective against MRSA, such as vancomycin or daptomycin. Vancomycin has shown some effectiveness

in slowing the growth of MRSA in a host [50]. SARS-CoV-2, the virus responsible for COVID-19, pri-

marily targets lung epithelial cells. Given that COVID-19 treatment can promote the growth of MRSA

and both pathogens infect lung epithelial cells, it is necessary to investigate the dynamics of co-infection

between the two diseases [12],[48]. Co-infected patients commonly experience symptoms such as fever,

cough, dyspnea, diarrhea, and vomiting [5].

The immune system’s response is crucial for fighting off bacterial and viral infections. The first line

of defense consists of innate immunity, which includes macrophages, neutrophils, dendritic cells, and

natural killer cells. Macrophages identify invading pathogen and release cytokines that recruit other

immune cells to attack the pathogen. Neutrophils are the primary defenders against Staphylococcus

aureus infections, rapidly attacking the bacteria at the site of infection [31]. These immune cells are

highly activated in COVID-19 patients [52]. Unlike dendritic cells, neutrophils are highly effective at

breaking down antigens coated by them [77]. They are also the most abundant circulating white blood

cells. While neutrophils are primarily known for their role in combating bacterial infections, they also

play an important role in the response to viral infections [54]. However, the rise of antibiotic-resistant

bacteria threatens the effectiveness of antibiotic treatments for staphylococcus infections. Therefore,

administering immunomodulatory antibiotics like azithromycin, clarithromycin, and fluoroquinolones

(such as ciprofloxacin and levofloxacin) could be a useful alternative approach [73],[63],[66]. These an-

tibiotics enhance the innate immune response, particularly neutrophil function, by boosting its capacity
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to kill bacteria [63]. They can also interact with human defenses to reduce the virulence of intracellu-

lar bacterial pathogens like staphylococcus aureus, making them more vulnerable to phagocytosis and

elimination by the immune system [19],[3]. This therapeutic strategy could be beneficial in fighting

infectious diseases [36].

The efficacy of antiviral drugs such as remdesivir and molnupiravir, in treating COVID-19 relies on

the proper functioning of the immune response. However, the use of antibiotics such as methicillin,

nafcillin, cefazolin and dicloxacillin can indirectly affect the immune response, which is crucial for

fighting viral infections [69]. Consequently, it is essential to comprehend the influence of methicillin on

the dynamics of coinfection and other antiviral therapies for effective management. Disruption of the

microbiome, which includes beneficial bacteria that contribute to immune function, can occur due to the

use of these antibiotics [49] [62]. The microbiome refers to the diverse communities of microorganisms in

the body, playing a vital role in overall health and immune function. Within the microbiome, beneficial

bacteria contribute to immune system development and function. Antibiotics, including those used

for staphylococcus bacterial infections, can disrupt the microbiome by targeting both harmful and

beneficial bacteria. The microbiome interacts extensively with the immune system, influencing its

development and response to infections. Beneficial bacteria in the microbiome support immune cell

production, regulate immune signaling, and aid in pathogen defense. Antibiotic-induced disruption of

the microbiome can compromise these interactions, potentially compromising immune function. In the

context of viral infections like COVID-19, where immune response is crucial, microbiome disruption

by antibiotics can lead to dysregulated immune responses, impacting the body’s ability to mount an

effective antiviral defense [37]. These effects can have consequences for the overall outcome of the

coinfection, including the severity of symptoms, the progression of the diseases, and the effectiveness of

the treatments.

Several studies have used mathematical models to evaluate the transmission dynamics of COVID-19,

MRSA, and the progression of SARS-CoV-2 within humans and in-host MRSA bacteria. Additionally,

the co-infection dynamics between bacteria and viruses have also been explored through mathematical

modeling [41],[58],[24],[25],[26],[6], [30],[8],[9],[15], [13],[74],[18]. For instance, Zhou et al [80] proposed a

mathematical model of SARS-CoV-2 and bacteria coinfection considering SARS-CoV-2, bacteria, neu-

trophils and lymphocytes. Mekonen et al [53] studied a coinfection dynamics between mycobacterium

bacteria and SARS-CoV-2 using a system of nonlinear ODE. Perez et al [64] proposed an epidemic model

to explore the dynamics of co-infection between COVID-19 and bacterial pneumonia. Community-

acquired and hospital-acquired infection ways for pneumonia were considered in their model. Cheng et

al [14] formulated a mathematical model that simulates the risk of developing pneumonia and chronic

obstructive pulmonary disease (COPD) after being infected with both influenza A virus and streptococ-

cus pneumoniae by considering factors such as age, smoking history, and vaccination status. Mbabazi et

al [57] proposed a mathematical model that simulates the within-host co-infection of influenza A virus

and pneumococcus. The model took into account various factors such as viral and bacterial replication

rates, immune response, and antibiotic treatment.

Previous studies have examined viral and bacterial infections, as well as some models of coinfection

between them, either at the immunological or epidemiological level. However, the current study takes a

novel approach by investigating the effect of coinfection on both levels simultaneously, including a spe-

cific strain of antibiotic-resistant bacteria, methicillin-resistant staphylococcus aureus (MRSA), which

has not been previously considered. Given the rising incidence of antibiotic-resistant bacteria and the

shortage of novel antibiotic drugs, our study seeks to investigate the consequences of administering

antibiotic (methicillin) for COVID-19 on the transmission of MRSA and also to explore substitute

treatment options, including immunotherapy. Moreover, since the use of antibiotics such as methicillin,
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nafcillin, cefazolin and dicloxacillin can indirectly affect the immune response, which is crucial for fight-

ing viral infections like COVID-19, and which in turn can have consequences for the overall outcome of

the COVID-19-MRSA coinfection, including the severity of symptoms, the progression of the diseases,

and the effectiveness of the treatments [69], understanding the specific impact of methicillin on the

coinfection dynamics becomes crucial. The study poses three research questions: (i) How can a deter-

ministic differential equation coinfection model be developed to link the between-host and within-host

scales? (ii) How does the presence of methicillin affect the dynamics of co-infection of SARS-CoV-2

and MRSA bacteria? (iii) What are the most effective treatment strategies, including combinations

of vancomycin and immunomodulatory antibiotics (e.g., azithromycin), for managing co-infection with

COVID-19 and methicillin-resistant Staphylococcus aureus (MRSA), considering the impact on both

within-host dynamics and population-level spread? To address these research questions, we develop a

multiscale model that integrates the between-host and within-host dynamics of the coinfection. The

model comprises various compartments, each representing a distinct aspect of the coinfection process.

At the between-host scale, we consider susceptible individuals, those infected with COVID-19, those

infected with MRSA, individuals with a co-infection of COVID-19 and MRSA, isolated individuals,

environmental virus, environmental MRSA, and recovered individuals. At the within-host scale for

COVID-19, we compartmentalize the model into uninfected cells, COVID-19 infected cells, within-host

SARS-CoV-2, and the population of neutrophils. Similarly, for MRSA, we categorize the within-host

scale into uninfected cells, MRSA-infected cells, the population of Methicillin-Sensitive Staphylococcus

Aureus (MSSA), the population of MRSA, and the population of neutrophils. For individuals with a

co-infection of COVID-19 and MRSA, the within-host scale includes COVID-19-MRSA uninfected cells,

COVID-19-MRSA co-infected cells, within-host SARS-CoV-2, the population of MSSA, the population

of MRSA, and the population of neutrophils. By including these compartments in a single model, we can

capture the interplay between different scales and gain insights into the complex interactions occurring

during coinfection. This approach provides insights into the dynamics of each pathogen individually,

including how they spread, interact with the host immune response, and affect disease progression. By

studying each pathogen independently, we establish a foundation of knowledge about their behavior

before investigating the combined effects of coinfection. This comprehensive analysis enables a deeper

understanding of the individual dynamics, infection mechanisms, and the complex interactions between

COVID-19 and MRSA. Ultimately, this approach enhances our ability to accurately represent real-world

coinfection scenarios and gain a more subtlety understanding of their complexities.

2. Materials and Methods

2.1. Between-host dynamics. The between-host dynamics is separated into various categories, in-

cluding susceptible individuals (SH), those infected with COVID-19 (IC), those infected with MRSA

(IM ), individuals with a co-infection of COVID-19 and MRSA (ICM ), isolated individuals (J), environ-

mental virus (VE), environmental MRSA (BE), and recovered individuals (RH).

Susceptible individuals SH , are recruited at a rate (Λ). These individuals can become infected with

COVID-19 by coming into contact with those who are infected with COVID-19 alone IC , or co-infected

with both COVID-19 and MRSA ICM or by coming into contact with environmental virus at a rate α3

[23], [53] . The probability of successfully becoming infected is denoted by β1. Additionally, susceptible

individuals can also become infected with MRSA by coming into contact with those who are infected

with MRSA alone IM , or co-infected with both COVID-19 and MRSA. The probability of successfully

becoming infected is denoted by (β2). Furthermore, susceptible individuals can also become co-infected

with both COVID-19 and MRSA by coming into contact with individuals who are already co-infected.

The probability of successfully becoming co-infected is denoted by (β3). The parameter (α1) represents
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the fraction of susceptible individuals who come into contact with individuals co-infected with COVID-

19 and MRSA and will become infected with COVID-19, while (α2) represents the fraction of susceptible

individuals who come into contact with individuals co-infected with COVID-19 and MRSA and will

become infected with MRSA. Lastly, susceptible individuals are subject to a death rate of (µ). Thus,

the changes in the susceptible individuals are described by the following equation:

dSH
dt

= Λ− β1(V1)SHIC − α1β1(V2)SHICM − β2(B1 +BM )SHIM − α2β2(B2 +BN )SHICM −

(1− α1)(1− α2)β3(V2, B2 +BN )SHICM − α3SHVE − µSH (2.1)

The number of individuals infected with COVID-19, denoted as IC [7], can increase if susceptible

individuals come into contact with either individuals infected with COVID-19 only (IC) or individuals

co-infected with both COVID-19 and MRSA (ICM ) with a probability of successful infection denoted

as (β1). The fraction of susceptible individuals who come into contact with ICM and are infected with

COVID-19 only is denoted as (α1). Additionally, individuals infected with COVID-19 can increase if

susceptible individuals come into contact with the environmental virus VE at a rate α3. Conversely,

the population of infected individuals will decrease due to factors such as recovery rate (ν), isolation

rate (a), disease-induced death rate (δ1), natural death rate (µ), and the rate at which IC contacts IM ,

denoted as β4. The dynamics is given by

dIC
dt

= β1(V1)SHIC + α1β1(V2)SHICM + α3SHVE − β4(B1 +BM )ICIM − (ν + a+ δ1 + µ)IC . (2.2)

The population of individuals infected with MRSA, denoted as IM [33], results from contact between

susceptible individuals and those infected with either MRSA only (IM ) or individuals co-infected with

both COVID-19 and MRSA (ICM ), with a probability of success infection denoted as (β2). The fraction

of susceptible individuals who come into contact with ICM and are infected with MRSA only is denoted

as (α2). However, the population of individuals infected with MRSA will decrease due to factors such as

probability (β5) that individuals infected with MRSA IM , contact individuals infected with COVID-19,

IC , and a rate (α6) at which individuals infected with MRSA IM , contact the environmental virus, VE ,

recovery rate (r), isolation rate (b), disease-induced death rate (δ2), and natural death rate (µ). The

dynamics is given by

dIM
dt

= β2(B1 +BM )SHIM +α2β2(B2 +BN )SHICM−β5(V1)IMIC−β6IMVE−(r+b+δ2 +µ)IM . (2.3)

The population of individuals co-infected with COVID-19 and MRSA, denoted as ICM [68], is gener-

ated when susceptible individuals are infected with both diseases as a result of contact with individuals

co-infected with COVID-19 and MRSA. The population of individuals co-infected with COVID-19 and

MRSA increases with the probability that individuals infected with COVID-19 (IC) come into contact

with individuals infected with MRSA (IM ), and with the probability that individuals infected with

MRSA come into contact with individuals infected with COVID-19. The population of individuals

co-infected with COVID-19 and MRSA also increases when individuals infected with MRSA (IM ) come

into contact with the environmental virus (VE) at a rate β6. The population of individuals co-infected

with COVID-19 and MRSA will decrease due to factors such as recovery rate (ω), isolation rate (g),

disease-induced death rate (δ3), and natural death rate (µ). The dynamics is given by

dICM
dt

= (1− α1)(1− α2)β3(V2, B2 +BN )SHICM + β4(B1 +BM )ICIM +

β5(V1)IMIC + β6IMVE − (ω + l + δ3 + µ)ICM (2.4)

The population of isolated individuals results from the isolation of individuals infected with COVID-

19 [29], individuals infected with MRSA [16], and individuals co-infected with COVID-19 and MRSA
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at rates denoted as (a), (b), and (l) respectively. However, the population of isolated individuals will

decrease due to factors such as recovery rate (n), disease-induced death rate (δ4), and natural death

rate (µ). The dynamics is given by

dJ

dt
= aIC + bIM + lICM − (n+ δ4 + µ)J. (2.5)

The environmental virus population occurs due to the shedding of virus by individuals who are

infected with COVID-19 alone or those who are co-infected with COVID-19 and MRSA [82], [44]. The

shedding rates for these two groups are denoted by (p1) and (p2), respectively. A fraction (τ1) of those

who are co-infected with COVID-19 and MRSA and shedding the virus contribute to the environmental

virus population. Additionally, the rate of virus clearance from the environment is denoted by (h1).

The dynamics is given by

dVE
dt

= p1IC + p2τ1ICM − h1VE . (2.6)

The environmental bacteria population occurs due to the shedding of bacteria by individuals who

are infected with MRSA alone or those who are co-infected with COVID-19 and MRSA [82], [44]. The

shedding rates for these two groups are denoted by (λ1) and (λ2), respectively. Also, a fraction (τ2)

of those who are co-infected with COVID-19 and MRSA and shedding the MRSA contribute to the

environmental bacteria population. Additionally, the rate of bacterial clearance from the environment

is denoted by (h2). The dynamics is given by

dBE
dt

= λ1IM + λ2τ2ICM − h2BE . (2.7)

The recovered population is generated as a result of individuals who have recovered from COVID-19

only with a recovery rate (ν), those who have recovered from MRSA only with a recovery rate (r), those

who have recovered from co-infection of COVID-19 and MRSA with a recovery rate (ω), and isolated

individuals who have recovered with a recovery rate (n). The population size declines due to natural

death at a rate of (µ). The dynamics is given by

dR

dt
= νIC + rIM + ωICM + nJ − µR. (2.8)

The full between-host dynamics is given as:

dSH
dt

= Λ− β1(V1)SHIC − α1β1(V2)SHICM − β2(B1 +BM )SHIM − α2β2(B2 +BN )SHICM

− (1− α1)(1− α2)β3(V2, B2 +BN )SHICM − α3SHVE − µSH , (2.9)

dIC
dt

= β1(V1)SHIC + α1β1(V2)SHICM + α3SHVE − β4(B1 +BM )ICIM − (ν + a+ δ1 + µ)IC ,

(2.10)

dIM
dt

= β2(B1 +BM )SHIM + α2β2(B2 +BN )SHICM − β5(V1)IMIC − β6IMVE − (r + b+ δ2 + µ)IM ,

(2.11)

dICM
dt

= (1− α1)(1− α2)β3(V2, B2 +BN )SHICM + β4(B1 +BM )ICIM + β5(V1)IMIC

+ β6IMVE − (ω + l + δ3 + µ)ICM , (2.12)

dJ

dt
= aIC + bIM + lICM − (n+ δ4 + µ)J, (2.13)
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dVE
dt

= p1IC + p2τ1ICM − h1VE , (2.14)

dBE
dt

= λ1IM + λ2τ2ICM − h2BE , (2.15)

dR

dt
= νIC + rIM + ωICM + nJ − µR. (2.16)

2.2. Within-host dynamics. The within-host dynamics is subdivided into within-host scale for COVID-

19 infected individuals [88], within-host scale for MRSA infected individuals [50] and within-host scale

for individuals with a co-infection of COVID-19 and MRSA. The within-host scale for COVID-19

infected individuals is compartmentalized into uninfected cells (E1), COVID-19 infected cells (E2),

within-host SARS-CoV-2 (V1) and population of neutrophils N1. Similarly, the within-host scale for

MRSA infected individuals is divided into uninfected cells (E3), MRSA-infected cells (E4), population

of Methicillin-Sensitive Staphylococcus Aureus (MSSA) (B1), population of MRSA (BM ) and popula-

tion of neutrophils N2. Lastly, the within-host scale for individuals with a co-infection of COVID-19

and MRSA is separated into COVID-19-MRSA uninfected cells (E5), COVID-19-MRSA co-infected

cells (E6), within-host SARS-CoV-2 (V2), population of MSSA (B2), population of MRSA (BN ) and

population of neutrophils N3.

At the within-host scale for COVID-19 infected individuals, uninfected cells E1 become infected

when they encounter the SARS-CoV-2 virus V1 at a rate (ψ1) and the population size decreases due to

natural death rate (ρ1). The within-host SARS-CoV-2 population increases and replicates itself within

the COVID-19 infected cells at a rate (κ1). The population reduces due to clearance rate (e1) of the

virus by neutrophils and virus death at a rate (ρ2) [77], [54]. Additionally, the rate at which neutrophils

are produced is determined by the recruitment rate (π1), while the growth of the neutrophil population

is influenced by the presence of an infection and the effectiveness of immunomodulatory antibiotics [63],

represented by (σ1). The population decreases further due to death of neutrophils at a rate (φ1). The

dynamics at within-host scale of SARS-CoV-2-infected individuals is given by:

dE1

dt
= ε1 − ψ1E1V1 − ρ1E1, (2.17)

dE2

dt
= ψ1E1V1 − ρ1E2, (2.18)

dV1

dt
= f1VE + κ1E2 − e1N1V1 − ρ2V1, (2.19)

dN1

dt
= π1 + σ1N1E2 − φ1N1. (2.20)

In individuals infected with MRSA at the within-host scale, the uninfected cells in the infected site IM
are constantly replenished at a rate (ε2), and they also naturally die at a rate (ϕ). These uninfected cells

in IM can become infected at a rate of ψ2. The expressions (1− θ)γ1B1 [1− (B1 +BM )/K1] and (1−
θ)γ1BM [1− (B1 +BM )/K1] denote the logistic growth of MSSA and MRSA where B1 and BM denote

the number of MSSA and MRSA bacteria, θ represents the efficacy of vancomycin, a drug used to treat

MRSA infections. A value of θ = 1 indicates complete effectiveness of vancomycin, while θ = 0 implies

no effectiveness at all, and B1 + BM denotes the total number of staphylococcus aureus respectively

[50]. It is assumed that MSSA and MRSA bacteria grow logistically with a growth rate of γ1 and a

carrying capacity of K1 [50]. Within IM , e2 and e3 signify the rates at which neutrophils clear MSSA

and MRSA. The term sB1m describes the rate at which MSSA switches to MRSA in the presence

of methicillin, where m is a binary variable indicating the presence (m = 1) or absence (m = 0) of

methicillin. As the population of MSSA increases, so does the rate of switching to MRSA and there is
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death of MSSA and MRSA at a rate (d1). Further, the rate at which neutrophils grow depends on the

rate of recruiting new neutrophils before administering immunomodulatory antibiotics, which is shown

by the symbol (π2). When there is an infection, the number of neutrophils in the body increases as

a response, and the effectiveness of immunomodulatory antibiotics, denoted as (σ2), also plays a role.

Furthermore, due to cell death, the population of neutrophils declines naturally at a rate of (φ2). The

dynamics is given by

dE3

dt
= ε2 − ψ2E3(B1 +BM )− ϕE3, (2.21)

dE4

dt
= ψ2E3(B1 +BM )− ϕE4. (2.22)

dB1

dt
= f2BE + (1− θ)γ1B1

(
1− B1 +BM

K1

)
− e2N2B1 − sB1m− d1B1, (2.23)

dBM
dt

= (1− θ)γ1BM

(
1− B1 +BM

K1

)
+ sB1m− e3N2BM − d1BM , (2.24)

dN2

dt
= π2 + σ2N2E4 − φ2N2. (2.25)

The co-infection of COVID-19 and MRSA within-host dynamics involves the infection of uninfected

cells (E5) by within-host staph aureus and SARS-CoV-2 at rates (ψ3) and (ψ4) respectively, and their

subsequent death at a rate (ζ). The production rate of virus (κ2) in ICM results in the generation

of within-host SARS-CoV-2, which is cleared by neutrophils at a rate (z1) and the virus dies at a

rate (ρ3). For the in-host staph aureus, the logistic growths of MSSA and MRSA are represented by

(1− θ)γ2B2 [1− (B2 +BN )/K2] and , (1− θ)γ2BN [1− (B2 +BN )/K2] with efficacy of vancomycin θ,

a growth rate of γ2 and a carrying capacity of K2 [50]. Within ICM , z2 and z3 are used to signify

the rates at which neutrophils clear MSSA and MRSA. The term uB2m describes the rate at which

MSSA transforms into MRSA in the presence of methicillin, where m is a binary variable indicating the

presence or absence of methicillin. As the population of MSSA increases, so does the rate of switching

to MRSA. The parameter d2 represents the death rate of MSSA and MRSA in ICM . Lastly, the growth

rate of neutrophils is contingent upon the rate at which new neutrophils are recruited prior to the use of

immunomodulatory antibiotics represented by the symbol π3. The population of neutrophils increases

in response to an infection and the administration of immunomodulatory antibiotic (azithromycin), with

the efficacy of the antibiotics denoted by (σ3) being a contributing factor. In addition, the neutrophil

population naturally decreases at a rate of (φ3) due to cell death. The dynamics is given as

dE5

dt
= ε3 − ψ3E5(B2 +BN )− ψ4E5V2 − ζE5, (2.26)

dE6

dt
= ψ3E5(B2 +BN )− ψ4E5V2 − ζE6, (2.27)

dV2

dt
= f3VE + κ2E6 − z1N3V2 − ρ3V2, (2.28)

dB2

dt
= f4BE + (1− θ)γ2B2

(
1− B2 +BN

K2

)
− z2N3B2 − uB2m− d2B2, (2.29)

dBN
dt

= (1− θ)γ2BN

(
1− B2 +BN

K2

)
+ uB2m− z3N3BN − d2BN , (2.30)

dN3

dt
= π3 + σ3N3E6 − φ3N3. (2.31)
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The full within-host dynamics is given as:

dE1

dt
= ε1 − ψ1E1V1 − ρ1E1, (2.32)

dE2

dt
= ψ1E1V1 − ρ1E2, (2.33)

dV1

dt
= f1VE + κ1E2 − e1N1V1 − ρ2V1, (2.34)

dN1

dt
= π1 + σ1N1E2 − φ1N1, (2.35)

dE3

dt
= ε2 − ψ2E3(B1 +BM )− ϕE3, (2.36)

dE4

dt
= ψ2E3(B1 +BM )− ϕE4, (2.37)

dB1

dt
= f2BE + (1− θ)γ1B1

(
1− B1 +BM

K1

)
− e2N2B1 − sB1m− d1B1, (2.38)

dBM
dt

= (1− θ)γ1BM

(
1− B1 +BM

K1

)
+ sB1m− e3N2BM − d1BM , (2.39)

dN2

dt
= π2 + σ2N2E4 − φ2N2, (2.40)

dE5

dt
= ε3 − ψ3E5(B2 +BN )− ψ4E5V2 − ζE5, (2.41)

dE6

dt
= ψ3E5(B2 +BN ) + ψ4E5V2 − ζE6, (2.42)

dV2

dt
= f3VE + κ2E6 − z1N3V2 − ρ3V2, (2.43)

dB2

dt
= f4BE + (1− θ)γ2B2

(
1− B2 +BN

K2

)
− z2N3B2 − uB2m− d2B2, (2.44)

dBN
dt

= (1− θ)γ2BN

(
1− B2 +BN

K2

)
+ uB2m− z3N3BN − d2BN , (2.45)

dN3

dt
= π3 + σ3N3E6 − φ3N3. (2.46)

Table 1. Summary of the parameters

Parameter Meaning Value Reference

β1 Infection rate of COVID-19 4.791983999900046 × 10−9

individual−1 day−1
Data fitting

β4 Rate at which IC contacts IM 1.482880000000000 × 10−10

individual−1 day−1
Data fitting

a Isolation rate of IC 0.2797 day−1 Data fitting

f0
1 Contribution rate to the in-host virus from the environment

within IC

0.0288 day−1 Data fitting

p1 Shedding rate of virus by IC 1.4623 virus individual−1 day−1 Data fitting

p2 Shedding rate of virus by ICM 3.9809 virus individual−1 day−1 Data fitting

α3 Rate at which SH contacts environmental virus (VE) 10−10 individual−1 day−1 Data fitting

β2 Infection rate of MRSA 1.6854 × 10−10 individual −1

day−1
Estimated from

[34]

β5 Rate at which IM contacts IC 1.0477 × 10−9 individual−1

day−1
Estimated from

[34]

Λ Recruitment rate of humans 2240.7 individual−1 day−1 Estimated from

[28],[86]

α1 Fraction of SH who have contact with ICM but will be infected

with COVID-19 only

0.55 Estimated from

[34]

Continued on next page
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Table 1 – continued from previous page

Parameter Meaning Value Reference

α2 Fraction of SH who have contact with ICM but will be infected

with MRSA only

0.55 Assumed

β6 Rate at which IM contacts environmental virus (VE) 10−8 individual−1 day−1 Assumed

β3 Co-infection rate of COVID-19 and MRSA 10−9 individual−1 day−1 Estimated from [1]

µ Natural mortality rate 0.000033 day−1 [28]

ν Recovery rate of IC
1
25 day−1 Estimated from

[47]

δ1 Disease-induced death rate of IC 0.001 day−1 [88]

r Recovery rate of IM 0.006 day−1 [15]

b Isolation rate of IM 0.0001460 day−1 Estimated from

[10]

δ2 Disease-induced death rate of IM 0.000285 day−1 [1]

ω Recovery rate of ICM
1

100 day−1 Estimated from

[47]

l Isolation rate of ICM 0.001 day−1 Estimated from

[10]

δ3 Disease-induced death rate of ICM
1
30 day−1 [1]

n Recovery rate of isolated individuals 0.0815 day−1 [6]

δ4 Disease-induced death rate of isolated individuals 6.847× 10−4 day−1 [6]

τ1 Fraction of ICM who sheds SARS-CoV-2 0.5 [88]

τ2 Fraction of ICM who sheds MRSA 0.01 Estimated from

[65]

λ1 Shedding rate of bacteria by IM 1.729 bacteria individual−1

day−1
Estimated from

[65]

λ2 Shedding rate of bacteria by ICM 1.995 bacteria individual−1

day−1
Estimated from

[65]

h1 Rate of virus clearance in the environment 0.3 day−1 [88]

h2 Rate of bacterial clearance in the environment 0.3 day−1 [38]

ε1 Constant regeneration rate of COVID-19 uninfected cells E0
1 × ρ1 cells ml−1 min−1 [88]

ψ1 Infection rate of COVID-19 uninfected cells 10−8 day−1 Estimated from

[88]

ρ1 Death rate of COVID-19 uninfected cells inside IC 0.01 day−1 [88]

f0
2 Contribution rate to the in-host bacteria from the environment

within IM

10−4 day−1 Estimated from

[88]

f0
3 Contribution rate to the in-host virus from the environment

within IC

0.03 day−1 Estimated from

[88]

f0
4 Contribution rate to the in-host bacteria from the environment

within ICM

10−4 day−1 Estimated from

[88]

q0, g0 Factors that measure how the transmission rate changes with

viral load and bacteria

10−15 Assumed

κ1 Production rate of SARS-CoV-2 in IC 0.24 copies cell−1 day −1 [13]

κ2 Production rate of virus from co-infected cells in ICM 0.1copies cell−1 day−1 Estimated from

[13]

ρ2 Death rate of virus within IC class 0.230 day−1 [88]

ε2 Constant regeneration rate of MRSA uninfected cells E0
3 × ϕ day−1 [15]

ε3 Constant regeneration rate of COVID-MRSA uninfected cells E0
5 × ζ day−1 Estimated from

[15]

ψ2 Infection rate of MRSA uninfected cells by staph aureus (10−6 − 10−2) ml h−1 cfu−1 Estimated from

[50]

ψ3 Infection rate of COVID-19-MRSA uninfected cells by staph

aureus

0.000000024 ml h−1 cfu−1 Estimated from

[50]

ψ4 Infection rate of COVID-19-MRSA uninfected cells by SARS-

CoV-2

10−8 ml copies−1 day−1 Estimated from

[50]

ϕ Natural death rate of MRSA uninfected cells in IM 0.04 day−1 [50]

γ1 Intrisic growth rate of staph aureus in the absence of methi-

cillin in IM

0.1514304 day−1 [50]

γ2 Intrisic growth rate of staph aureus in the absence of methi-

cillin in ICM

0.1514304 day−1 [50]

m Methicillin {0, 1} Estimated from

[50]

K1 Carrying capacity of the host for MSSA in IM 1× 108 cfu a.u−1 [50]

K2 Carrying capacity of the host for MSSA in ICM 1× 108 cfu a.u−1 [50]

d1 Decay rate of MRSA bacteria in IM 0.07 day−1 Assumed

s Switching rate from MSSA to MRSA in the presence of me-

thicillin within IM

0.0758932 day−1 Estimated from

[50]

Continued on next page
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Table 1 – continued from previous page

Parameter Meaning Value Reference

u Switching rate from MSSA to MRSA in the presence of me-

thicillin within ICM

0.0758932 day−1 Estimated from

[50]

e1 Clearance rate of virus in IC by neutrophils 0.0000024 day−1 Estimated from

[13]

e2 Clearance rate of MSSA in IM by neutrophils 0.000024 ml N cell−1 day−1 Estimated from

[50]

e3 Clearance rate of MRSA in IM by neutrophils 0.0000024 ml N cell−1 day−1 [50]

z1 Clearance rate of virus in ICM by neutrophils 0.0000024 ml N cell−1 day−1 [50]

z2 Clearance rate of MSSA in ICM by neutrophils 0.000024 ml cfu−1 day−1 Estimated from

[50]

z3 Clearance rate of MRSA in ICM by neutrophils 0.0000024 ml cfu−1 day−1 [50]

σ1 Effectiveness of Azithromycin in enhancing neutrophils in IC 10−7 ml N cell−1 day−1 [50]

σ2 Effectiveness of Azithromycin in enhancing neutrophils in IM 10−7 ml N cell−1 day−1 [50]

σ3 Effectiveness of Azithromycin in enhancing neutrophils in ICM 10−7 ml N cell−1 day−1 [50]

φ1 Removal rate of neutrophils in IC from the blood stream 1
5.4 day−1 Estimated from

[60]

φ2 Removal rate of neutrophils in IM from the blood stream 1
5.4 day−1 Estimated from

[60]

φ3 Removal rate of neutrophils in ICM from the blood stream 1
5.4 day−1 Estimated from

[60]

θ Efficacy of vancomycin (0− 1) [50]

ζ Natural death rate of COVID-19-MRSA uninfected cells in

ICM

0.01 day−1 Estimated from

[88]

ρ3 Death rate of V2 in ICM 0.01 day−1 Estimated from

[88]

d2 Decay rate of MRSA in ICM 0.07 min−1 Estimated from

[87]

π1 Production rate of neutrophils in IC 3.2× 102 cell day−1 Estimated from

[13]

π2 Production rate of neutrophils in IM 3.2× 102 cell day−1 Estimated from

[13]

π3 Production rate of neutrophils in ICM 3.2× 102 cell day−1 Estimated from

[13]

Remark 2.2.1. In the within-host scale, we consider three distinct populations of uninfected cells denoted

as E1, E3, and E5. This separation is essential for a clear differentiation between cells susceptible to

COVID-19 and those susceptible to MRSA infection.

2.3. Coupling Mechanism Between the Between-Host and Within-Host Dynamics. The mul-

tiscale model presented here consists of two interconnected components: the between-host model (see

Equations 2.9-2.16) and the within-host model (see Equations 2.32-2.46). These components are linked

through several transmission rates: β1(V1), β2(B1), β3(V2, B2), β4(B1) and β5(V1), as described in

Equations (2.9), (2.10), (2.11), and (2.12). These transmission rates are influenced by the quantities of

virus and bacteria present in the body. Also, the contribution rates of SARS-CoV-2 and bacteria from

the environment into the human host are denoted as f1, f2, f3 and f4, as shown in Equations (2.34),

(2.38), (2.43), and (2.44). In essence, higher levels of viral and bacterial load in human hosts can lead to

increased transmission rates, while higher levels of viral and bacterial load in the physical environment

can result in higher contribution rates to the in-host virus and bacteria [82], [50]. Thus, the complete

multiscale model is as follows:

dSH
dt

= Λ− β1(V1)SHIC − α1β1(V2)SHICM − β2(B1 +BM )SHIM − α2β2(B2 +BN )SHICM −

(1− α1)(1− α2)β3(V2, B2 +BN )SHICM − α3SHVE − µSH , (2.47)

dIC
dt

= β1(V1)SHIC + α1β1(V2)SHICM + α3SHVE − β4(B1 +BM )ICIM

−(ν + a+ δ1 + µ)IC , (2.48)
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dIM
dt

= β2(B1 +BM )SHIM + α2β2(B2 +BN )SHICM − β5(V1)IMIC − β6IMVE

−(r + b+ δ2 + µ)IM , (2.49)

dICM
dt

= (1− α1)(1− α2)β3(V2, B2 +BN )SHICM + β4(B1 +BM )ICIM + β5(V1)IMIC

+β6IMVE − (ω + l + δ3 + µ)ICM , (2.50)

dJ

dt
= aIC + bIM + lICM − (n+ δ4 + µ)J, (2.51)

dVE
dt

= p1IC + p2τ1ICM − h1VE , (2.52)

dBE
dt

= λ1IM + λ2τ2ICM − h2BE , (2.53)

dR

dt
= νIC + rIM + ωICM + nJ − µR, (2.54)

dE1

dt
= ε1 − ψ1E1V1 − ρ1E1, (2.55)

dE2

dt
= ψ1E1V1 − ρ1E2, (2.56)

dV1

dt
= f1VE + κ1E2 − e1N1V1 − ρ2V1, (2.57)

dN1

dt
= π1 + σ1N1E2 − φ1N1, (2.58)

dE3

dt
= ε2 − ψ2E3(B1 +BM )− ϕE3, (2.59)

dE4

dt
= ψ2E3(B1 +BM )− ϕE4, (2.60)

dB1

dt
= f2BE + (1− θ)γ1B1

(
1− B1 +BM

K1

)
− e2N2B1 − sB1m− d1B1, (2.61)

dBM
dt

= (1− θ)γ1BM

(
1− B1 +BM

K1

)
+ sB1m− e3N2BM − d1BM , (2.62)

dN2

dt
= π2 + σ2N2E4 − φ2N2, (2.63)

dE5

dt
= ε3 − ψ3E5(B2 +BN )− ψ4E5V2 − ζE5, (2.64)

dE6

dt
= ψ3E5(B2 +BN ) + ψ4E5V2 − ζE6, (2.65)

dV2

dt
= f3VE + κ2E6 − z1N3V2 − ρ3V2, (2.66)

dB2

dt
= f4BE + (1− θ)γ2B2

(
1− B2 +BN

K2

)
− z2N3B2 − uB2m− d2B2, (2.67)

dBN
dt

= (1− θ)γ2BN

(
1− B2 +BN

K2

)
+ uB2m− z3N3BN − d2BN , (2.68)

dN3

dt
= π3 + σ3N3E6 − φ3N3. (2.69)

Remark 2.3.1. In our co-infection model, we have included the population dynamics of neutrophils

(N1, N2, N3) within the within-host scale due to their pivotal role in the innate immune response against

bacterial and viral infections (e.g., SARS-CoV-2) [54], as detailed in Equations (2.58), (2.63), and (2.69).

We focus on the innate immune response to viruses, which come into action within hours following viral
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Figure 1. Linked Within-host and Between-host Transmission Diagram of COVID-

19-MRSA Coinfection

infection. Although the model does not explicitly encompass equations for other immune cell types or

immune response molecules, this simplification is reasonable, given the complexity inherent in modeling

the entire immune response within a multiscale framework. Focusing on neutrophils as representatives

of the innate immune response is justified, particularly when investigating co-infection dynamics, and

aligns with the research objectives of exploring the impact of immunomodulatory antibiotics, such as

azithromycin, which enhances immune cell function, including that of neutrophils.

For a visual description of the transmission dynamics of the multiscale model, please see the diagram

in Figure 1.

Motivated by Wang et al [88], the functions β1(V1), β2(B1), β3(V2, B2), β4(B1) and β5(V1) describing

how the viral load inside an infected individual (within-host) leads to viral and bacterial transmission

between-hosts are defined as:

β1(V1) = β0
1 + q0V1, (2.70)

β2(B1) = β0
2 + q0B1, (2.71)

β3(V2, B2) = β0
3 + q0V2 + q0B2, (2.72)

β4(B1) = β0
4 + g0B1, (2.73)

β5(V1) = β0
5 + g0V1. (2.74)

where baseline transmission rates (β0
1 , β0

2 , β0
3 , β0

4 , and β0
5) represent the transmission rates when the

viral and bacterial load are extremely low and not detectable by the Reverse Transcription Polymerase

Chain Reaction known as RT-PCR which is used for SARS-CoV-2 detection [11] and Polymerase Chain



320 T. FANIRAN, M. O. ADEWOLE, C. CHIROUZE, A. PERASSO, AND R. EFTIMIE

Table 2. Description of state variables of MRSA and COVID-19 co-infection model

Variables Decription

SH Susceptible individuals to COVID-19 and MRSA

IC Individuals infected with COVID-19

IM Individuals infected with MRSA

ICM Individuals co-infected with COVID-19 and MRSA

J Isolated individuals

VE Environmental virus

BE Environmental MRSA

R Recovered individuals

E1 Uninfected cells in IC
E2 Infected cells with COVID-19 in IC
V1 Within-host SARS-CoV-2 in IC
N1 Population of Neutrophils in IC
E3 Uninfected cells in IM
E4 Infected cells with MRSA in IM
B1 Population of MSSA in IM
BM Population of MRSA in IM
N2 Population of Neutrophils in IM
E5 Uninfected cells with COVID-19 and MRSA

E6 Co-infected cells with COVID-19 and MRSA

V2 Within-host SARS-CoV-2 in ICM

B2 Population of MSSA in ICM

BN Population of MRSA in ICM

N3 Population of Neutrophils in ICM

Reaction, known as PCR which is used for MRSA detection [45],[43] (RT-PCR targets viral RNA, while

PCR targets MRSA DNA, reflecting the difference in genetic material between a virus and a bacterium).

This scenario corresponds to individuals who have recently contracted COVID-19 and MRSA bacteria,

but the pathogens (virus and MRSA) have not yet reached detectable levels through RT-PCR [51],

and PCR [55]. However, even at this early stage, some transmission can still occur, although at a low

level [76]. In the multiscale model, the within-host virus and bacteria populations correspond to the

populations of virus and bacteria detected by RT-PCR and PCR within a host. The parameters q0 and

g0 determine how the detected viral and bacterial load measured by RT-PCR influence the transmission

rates, thus reflecting the impact of the viral and bacterial load on transmission rates. When V1 = 0,

B1 = 0, V2 = 0, and B2 = 0, the transmission rates solely depend on the baseline transmission rates

(β0
1 , β0

2 , β0
3 , β0

4 , and β0
5) associated with very low viral and bacterial load (below the clinical detection

threshold). Conversely, when V1 6= 0, B1 6= 0, V2 6= 0, B2 6= 0, the transmission rates increase. This

highlights the influence of the viral and bacterial load on the contagiousness of the disease, with higher

levels of viral and bacterial load contributing more significantly to the overall transmission rates.

The initial conditions for the multiscale model are given below:

SH(0) = S0
H ≥ 0, IC(0) = I0

C ≥ 0, IM (0) = I0
M ≥ 0, ICM (0) = I0

CM ≥ 0, J(0) = J0 ≥ 0,

VE(0) = V 0
E ≥ 0, BE(0) = B0

E ≥ 0, R(0) = R0 ≥ 0, E1(0) = E0
1 ≥ 0, E2(0) = E0

2 ≥ 0,

V1(0) = V 0
1 ≥ 0, N1(0) = N0

1 ≥ 0, E3(0) = E0
3 ≥ 0, E4(0) = E0

4 ≥ 0, B1(0) = B0
1 ≥ 0,

BM (0) = B0
M ≥ 0, N2(0) = N0

2 ≥ 0, E5(0) = E0
5 ≥ 0, E6(0) = E0

6 ≥ 0, V2(0) = V 0
2 ≥ 0,

B2(0) = B0
2 ≥ 0, BN2(0) = B0

N ≥ 0, N3(0) = N0
3 ≥ 0.
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Remark 2.3.2. The key difference in dynamics between these two scales lies in their focus and level

of detail. The between-host scale looks at how infections spread and interact at the population level,

while the within-host scale explores the detailed processes occurring within an individual’s body. The

interactions, transmission, and immune responses are described differently at each scale to capture the

relevant aspects of the disease’s progression.

3. Results

3.1. Disease-Free Equilibrium and Basic Reproduction Number. The system (2.47)-(2.69) has

a disease-free equilibrium given by

E0 = (SH , IC , IM , ICM , J, VE , BE , R,E1, E2, V1, N1, E3, E4, B1, BM , N2, E5, E6, V2, B2, BN , N3),

=

(
Λ

µ
, 0, 0, 0, 0, 0, 0, 0,

ε1

ρ1
, 0, 0,

π1

φ1
,
ε2

ϕ
, 0, 0, 0,

π2

φ2
,
ε3

ζ
, 0, 0, 0, 0,

π3

φ3

)
.

Using the next generation operator of [21], the basic reproduction number is calculated as

R0 = ϑ(FG−1) = max{RB , RW },

where

RB =
β2Λ

µ(r + b+ δ2 + µ)
+

Λ(α3p1 + β1h1)

µh1(ν + a+ δ1 + µ)
+

Λβ3(1− α1)(1− α2)

µ(ω + l + δ3 + µ)

and

RW =
ψ1ε1κ1φ1

ρ2
1(π1e1 + ρ2φ1)

+
(1− θ)γ1φ2

d1φ2 + e3π2
+

(1− θ)γ1φ2

msφ2 + d1φ2 + e2π2
+
ψ4ε3κ2

ζ2ρ3
+

(1− θ)γ2φ3

d2φ3 + π3z3
+

(1− θ)γ2φ3

µφ3 + d2φ3 + π3z2
.

RB refers to the average number of secondary infections caused by an infected person in a completely

susceptible population during their infectious period, while RW refers to the average number of sec-

ondary infections caused by a productive epithelial cell in a virus-free and bacteria-free epithelial cell

population. The maximum value of RB and RW is the basic reproduction number R0.

4. Parameter Estimation and Global Sensitivity Analysis

4.1. Parameter Estimation. Parameter estimation plays a crucial role in fitting mathematical models

to real-world data, as it allows for the estimation of model parameters that cannot be directly measured.

Therefore, this section of the study involves estimating the parameters in model (2.47) − (2.69) using

real data of COVID-19 infected cases in France [20]. The COVID-19 confirmed cases data from August

7 to October 22, 2022, was considered for the analysis. The European Centre for Disease Prevention

and Control (ECDC) is a reputable and reliable source for epidemiological data related to infectious

diseases, including COVID-19 [27]. The dataset provided by the ECDC offers comprehensive coverage

of multiple EU/EEA countries, ensuring a wide range of data points for analysis. Before fitting the data

to the model, certain information related to the parameters was determined. For instance, the natural

death rate of individuals was calculated by taking the reciprocal of the average life expectancy (in days)

of the French population in 2022, which was 83 years [28]. The total population of France in 2022 was

estimated to be approximately 67, 900, 000 [86], and the recruitment rate of susceptible individuals was

obtained from the total population and the natural death rate. We performed a simulation using the

fmincon package in MATLAB. Our code utilized the Least Square Method to solve the nonlinear data

fitting problem. Specifically, we input the observed output data (ydata) and corresponding input data

(tdata), and determined the coefficients that provides the best fit for the equation

min
x
‖F (x, tdata)− ydata‖22 = min

x

∑
i

((
F (x, tdatai)− ydatai

))2
.
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(a)

(b)

Figure 2. Model fitting to match the average viral load data observed in Germany

[84] (see Figure 2(b)) and the number of COVID-19 cases in France from 7 August to

22 October, 2022 [20] (see Figure 2(a))

For the immunological part of the multiscale model, the SARS-CoV-2 viral load data was fitted to

the model using nonlinear square method. Daily measurements of viral load in sputum, pharyngeal

swabs, and stool for nine patients in Germany, were reported in [84], and the model was fitted to both

viral load and confirmed cases data simultaneously. The other parameter values were chosen from the

well-established literature or assumed, as the available data in [20],[84], was not sufficient to estimate all

the parameters involved in the dynamics of the disease. The solution curve for individuals infected with

COVID-19 (denoted as IC) was fitted to the ”active cases” data (see Figure 2(a)), while the solution

curve for within-host SARS-CoV-2 in IC (denoted as V1) was fitted to the ”average viral load” data

(see Figure (2b)) and the best fit were displayed in Figures 2(a) and 2(b). Table 1 provides a summary

of the calculated and predicted parameters, which have been sourced from both our model fitting and

parameter estimation process, as well as from previous literature. Based on the parameter values listed

in Table 1, the estimated between-host and within-host reproduction numbers, denoted as RB and RW
respectively, were determined to be 3.8008 and 6.9382. After parameter estimation, sensitivity analysis

is carried out to test the sensitivity of the model to different parameter values, which can help identify

which parameters have the most significant influence on the model’s behaviour.

Remark 4.1.1. The disparities observed in Figure 2, depicting the trajectory of within-host SARS-CoV-

2 (V1) between model simulations and empirical data, can be attributed to several factors. Firstly, the

model’s fitting process solely considered viral load data and did not account for bacterial dynamics,

despite the model incorporating equations for both viruses and bacteria. This omission could lead to

inconsistencies, as viral and bacterial interactions can influence each other’s dynamics. Additionally,
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(a) Scatter plots for between-host

(b) PRCC bar chart for between-host

Figure 3. Sensitivity analysis for between-host

the quality and quantity of available data, as well as inherent biological variability, play a role in these

disparities. The interactions between within-host SARS-CoV-2 and bacteria, as well as their impact on

between-host dynamics, introduce complexities that may require more comprehensive data.

4.2. Global Sensitivity Analysis. Global sensitivity analysis of the between-host and within-host

reproduction numbers are carried out in this section. It is a statistical method which involves analyzing



324 T. FANIRAN, M. O. ADEWOLE, C. CHIROUZE, A. PERASSO, AND R. EFTIMIE

the model output as a function of all input parameters simultaneously, as opposed to local sensitivity

analysis, which focuses on the effect of changing one parameter at a time. It can help identify which

parameters have the greatest impact on the spread of the virus both within and between individuals. The

model includes several parameters that are uncertain or assumed, and the global sensitivity analysis

allows for the quantification of the impact of each parameter on the model output. By using Latin

Square Sampling and Partial Rank Correlation Coefficient (PRCC) methods [83], global sensitivity

analysis can identify the parameters with the most significant impact on the between-host and within-

host reproduction numbers.

4.2.1. Global Sensitivity Analysis of RB. We perform a global sensitivity analysis on an epidemiological

part of the multiscale model that contains several parameters. The analysis used Latin Square Sampling

and Partial Rank Correlation Coefficient (PRCC) methods [71] and a sample size of 5000. Figures (3a)

and (3b) show PRCCs values of parameters against RB . The parameters are varied simultaneously

over a specified range with each parameter being set to 75% below and 75% above its baseline value,

to assess their impact on the model’s output. The results obtained from the analysis show that some

parameters have a significant impact on the between-host reproduction number (RB), which is a key

metric in the model. Firstly, it is evident that the recruitment rate of humans Λ and the infection rate

of MRSA (β2) are the most influential parameters positively affecting the between-host reproduction

number (RB). This implies that strategies to reduce MRSA transmission and increase the recruitment

of new individuals into the population can have a substantial impact on the overall spread of COVID-19

and MRSA co-infection. Additionally, the infection rate of COVID-19 (β1) and the co-infection rate

of COVID-19 and MRSA also positively contribute to RB , highlighting the importance of controlling

the spread of both infections simultaneously. Conversely, certain parameters have a large negative im-

pact on RB , indicating their significance in mitigating the spread of co-infections. These parameters

include the natural mortality rate (µ), the recovery rate of individuals infected with MRSA (r), and

the isolation rate of individuals infected with COVID-19 (a). These findings emphasize the critical role

of healthcare interventions, recovery strategies, and mortality reduction in limiting the transmission

of COVID-19 and MRSA co-infection. Furthermore, parameters with smaller negative impacts on RB
include the fraction of susceptible individuals (SH) who have contact with co-infected individuals but

are only infected with COVID-19 (α2) and the fraction infected with MRSA only (α1), along with the

disease-induced death rate of co-infected individuals (δ3). These results underscore the importance of

identifying individuals with specific infections and tailoring interventions accordingly to reduce trans-

mission. Thus, effective strategies to control these infections should prioritize interventions that target

recruitment rates, infection rates, recovery rates, mortality reduction, and the identification of specific

infection cases. These findings provide valuable insights for policymakers and healthcare professionals

in managing and mitigating the impact of co-infections, ultimately leading to improved public health

outcomes.

4.2.2. Global Sensitivity Analysis of RW . A global sensitivity analysis was conducted to assess the

impact of various model parameters on the within-host reproduction number (RW ) of COVID-19 and

MRSA coinfection, and two key scenarios were considered: when methicillin (m) is absent (m = 0) and

when methicillin is present (m = 1). The analysis employed the Latin Hypercube Sampling Method,

generating a sample size of 5000, and measured the sensitivity of RW to parameter variations. Figure

4 shows scatter plots of parameters against RW when m = 0 (Subfigure 4(a)) and PRCCs values of

parameters against RW for both m = 0 and m = 1 (Subfigure 4(b)). Among the key parameters that

positively affect RW in Subfigure (4b), five stand out: The intrinsic growth rate of staphylococcus

aureus in individuals infected with MRSA (γ1), the intrinsic growth rate of staphylococcus aureus in
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4(a): Scatter plots for within-host when m = 0

individuals coinfected with COVID-19 and MRSA (γ2), the production rate of virus from coinfected cells
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Figure 5. PRCC bar chart for within-host when m = 0 and m = 1

in individuals coinfected with COVID-19 and MRSA (κ2), the constant regeneration rate of COVID-19-

MRSA uninfected cells (ε3), and the infection rate of COVID-19-MRSA uninfected cells by SARS-CoV-2

(ψ4). When methicillin is present (m = 1), γ1 and γ2 exhibit a substantial positive impact on RW .

However, in the absence of methicillin (m = 0), these parameters (γ1 and γ2), have an even more

pronounced positive effect. Further, κ2, ε3, and ψ4 contribute positively to RW in both scenarios (when

m = 0 and m = 1), and κ2, ε3 and ψ4 have an even more substantial positive effect in the presence of

methicillin (when m = 1). Conversely, the parameters ζ, d1, d2, ρ3, and ρ1 exert negative effects on

RW . When methicillin is not used (m = 0), ζ, representing the natural death rate of COVID-19-MRSA

uninfected cells in compartment ICM , has a large negative impact on RW , which becomes even more

substantial when methicillin is introduced (m = 1). Similarly, d1 and d2, which denote the decay rates of

MRSA bacteria in compartments IM and ICM respectively, have significant negative effects on RW , with

d1 and d2 having a greater impact when methicillin is not used. Furthermore, ρ3 and ρ1, representing the

death rates of V2 in ICM and COVID-19 uninfected cells inside IC , respectively, exhibit large negative

effects on RW , which become even more pronounced when methicillin is introduced (m = 1). These

results highlight the importance of understanding how methicillin usage can modulate the impact of

various parameters on RW and emphasize the need for careful consideration when managing COVID-19

and MRSA coinfection in the context of antibiotic resistance and alternative treatment strategies.

Therefore, based on the findings, several targeted strategies can be implemented. Firstly, when

methicillin is used (m = 1), efforts should focus on lowering the intrinsic growth rates of staphylococcus

aureus (γ1 and γ2) through appropriate antibiotic regimens and infection control measures. Additionally,

boosting the effectiveness of methicillin or alternative antibiotics to further suppress bacterial growth

is vital. In the absence of methicillin (m = 0), similar strategies to reduce the intrinsic growth rates

of MRSA are crucial. Further, focusing on increasing the natural death rate of COVID-19-MRSA

uninfected cells in compartment ICM (ζ) and the decay rates of MRSA bacteria in compartments IM
and ICM (d1 and d2) can further contribute to lowering RW , especially when methicillin is not used.

Moreover, increasing the death rate of virus within IC can be achieved by administering drugs that can

induce apoptosis (programmed cell death) of infected cells or inhibit the replication of the virus [39].

The effectiveness of antiviral drugs such as remdesivir and molnupiravir in targeting and controlling

viral infections like COVID-19, rely on the proper functioning of the immune response. However, if
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Figure 6. Simulations of the dynamics of COVID-19 and MRSA co-infection within

the host without and with methicillin (m = 0 and m = 1) in the absence of vancomycin

and immunomodulatory antibiotics

the immune response is disrupted due to the use of antibiotics like methicillin, nafcillin, cefazolin, and

dicloxacillin, which are typically used to treat bacterial infections including staphylococcus aureus, it

can potentially undermine the effectiveness of these antiviral treatments. This disruption of the immune

response can have implications on the dynamics of the coinfection, including the severity of symptoms,

the progression of the diseases, and the overall outcome. Therefore, it is essential to understand the

specific impact of methicillin on the dynamics of the coinfection.

5. Numerical Simulations

In this section, we analyze the dynamics of the multiscale model (2.47)-(2.69) in the presence of me-

thicillin (m=1) using numerical simulations. Our primary objectives are to understand the impact of

methicillin on the dynamics of coinfection and evaluate the effectiveness of immunomodulatory antibi-

otics and vancomycin in reducing MRSA bacterial infections. We provide discussion of the numerical

results obtained from the simulations in what follows.

Figures 5 and 6 show the time evolution of within-host dynamics in individuals coinfected with

COVID-19 and MRSA (ICM ) as well as individuals singly infected with MRSA (IM ), after methi-

cillin treatment, when vancomycin and immunomodulatory antibiotics have not been administered.

In individuals coinfected with COVID-19 and MRSA (ICM ), methicillin treatment (m = 1) increases

populations of co-infected cells (E6), SARS-CoV-2 virus (V2), and MRSA bacteria (BN ) but decreases

methicillin-sensitive Staphylococcus aureus (B2) (see Figures 5 and 6). Neutrophil populations (N3)

remain stable, unaffected by methicillin presence in Figure 5, but in Figure 6, neutrophil populations
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Figure 7. Simulations of the dynamics of MRSA only within the host without and

with methicillin (m = 0 and m = 1) in the absence of vancomycin and immunomodu-

latory antibiotics

in IM (N2) exhibit a slight increase with methicillin and a minor decrease without it. Additionally,

Figure 7 shows that in COVID-19-infected individuals (IC), viral load (V1), and infected cells (E2),

cases m = 0 and m = 1 exhibit no differences. These findings indicate that methicillin’s impact is more

significant on bacterial populations than on the immune response, potentially leading to an increase

in methicillin-resistant staphylococcus aureus (MRSA) due to selective pressure from the antibiotic

[17], while methicillin-sensitive strains may decline in the presence of the drug. Furthermore, Figure 8

demonstrates that methicillin does not alter populations of individuals infected with COVID-19 (IC)

or environmental virus (VE), but a slight increase is observed in populations of individuals infected

with MRSA (IM ), co-infected individuals (ICM ), environmental MRSA bacteria (BE), and isolated

individuals (J) when methicillin is used (m = 1). Therefore, using methicillin treatment in co-infected

individuals may lead to an increase in the prevalence of drug-resistant bacteria, which can be a concern

in managing infectious diseases. Hence, it may be useful to explore alternative treatment options or

combination therapies to avoid the development of drug resistance.

Thus, we further assess vancomycin antibiotics’ impact on MRSA and COVID-19-MRSA coinfected

cells at varying effectiveness levels in the presence of methicillin and without immunomodulatory an-

tibiotics. Figure 9 shows that increasing vancomycin effectiveness from 50% to 90% reduces MRSA

populations in IM (BM ) and ICM (BN ), with no change in other cell populations. Figure 10 simulates

the within-host coinfection dynamics of COVID-19 and MRSA with different levels of immunomodula-

tory antibiotics (azithromycin) on in-host coinfected cells, in the absence of vancomycin and presence



ANTIBIOTIC TREATMENT FOR COVID-19 ON MRSA TRANSMISSION 329

Figure 8. Simulations of the dynamics of COVID-19 only within the host without and

with methicillin (m = 0 and m = 1) in the absence of vancomycin and immunomodu-

latory antibiotics

Figure 9. Simulations of the dynamics of between-host population without and with

methicillin (m = 0 and m = 1) in the absence of vancomycin and immunomodulatory

antibiotics
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Figure 10. Simulations showing the dynamics of the MRSA infected cells and

COVID-MRSA coinfected cells under different levels of vancomycin in the absence

of immunomodulatory antibiotics with m = 1

Figure 11. Dynamics of the in-host model under different levels of immunomodu-

latory antibiotics within individuals co-infected with COVID-19 and MRSA in the

absence of vancomycin with m = 1
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Figure 12. The dynamics of the multiscale model for different values of co-infection

rate of COVID-19 and MRSA denoted as β3 given in the legend, and other parameter

values are given in Table 1

of methicillin. The numerical results indicate that increasing the efficacy of immunomodulatory antibi-

otics (σ3) leads to an increase in the population of neutrophils (N3) only, and does not have impacts

on other cells.

5.1. Impact of Coinfection Rate on the Dynamics. In this section, we present and discuss the

outcomes of varying the coinfection rate of COVID-19 and MRSA (β3) within the multiscale model

and its consequential impact. Figure 11 visually represents these effects, and the following observations

were made: Firstly, at the between-host scale, an increase in individuals coinfected with COVID-19

and MRSA (ICM ) was observed with higher β3 values, while no effect of β3 was detected on other

populations at the between-host scale. At the within-host scale, the population of infected cells with

COVID-19 in IC (E2) increased significantly with higher β3 values, and it decreased with lower values

of β3. Additionally, the within-host SARS-CoV-2 in individuals infected with COVID-19 (V1), showed

a minor increase with higher β3 values, while no impact of β3 was identified on other cell populations

within the within-host scale.

6. Conclusion

This study focused on the multiscale modeling of the transmission dynamics of COVID-19 and

MRSA coinfection in the hospital, incorporating the effects of traditional antibiotics (methicillin and

vancomycin) and immunomodulatory antibiotics (azithromycin) on the dynamics of the coinfection.

Vancomycin and methicillin antibiotics were investigated because of their clinical relevance. Vancomycin

are widely prescribed antibiotics for treating MRSA infections, including cases of coinfection with other
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Table 3. Summary of findings

Findings Interpretation

Methicillin’s Impact on

Within-Host Dynamics

and the Effects of Key

Parameters on RW When

m = 0 and m = 1

• Methicillin (m = 1) increases populations of co-

infected cells (E6), SARS-CoV-2 virus (V2), and

MRSA bacteria (BN ).

• Neutrophil populations (N3) remain stable with me-

thicillin (unaffected by methicillin).

• Infection rate of COVID-19-MRSA uninfected cells by

SARS-CoV-2 (ψ4): This parameter has positive im-

pact on RW in both cases (m = 0 and m = 1), and

more substantial in the presence of methicillin.

• Decay rate of MRSA bacteria in individuals infected

with MRSA (d1): This parameter has significant neg-

ative impact on RW , and greater in the absence of

methicillin.

• Decay rate of MRSA bacteria in individuals coinfected

with COVID-19 and MRSA (d2): This parameter has

significant negative impact on RW , and greater in the

absence of methicillin.

Impact of Vancomycin Ef-

fectiveness • Increasing vancomycin effectiveness from 50% to 90%

reduces MRSA populations in individuals infected

with MRSA and individuals coinfected with COVID-

19 and MRSA but has no significant changes in other

cell populations.

Efficacy of Immunomodu-

latory Antibiotics • Increasing the efficacy of immunomodulatory antibi-

otics (σ3) leads to an increase in neutrophil population

(N3) but has no impacts on other cells.

Impact of Varying β3

(Coinfection Rate) • Higher β3 values increased populations of individu-

als coinfected with COVID-19 and MRSA (ICM ) and

cells infected with COVID-19 (E2), with no impact on

other populations at both scales.

Most Influential Parame-

ters Affecting RB
• Infection rate of COVID-19 (β1)

• Infection rate of MRSA (β2)

• Recovery rate of individuals infected with MRSA (r)

• Isolation rate of individuals infected with COVID-19

(a)
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pathogens like COVID-19 [75]. As such, studying the impact of this antibiotics on coinfection dynamics

is relevant to real-world clinical scenarios and can provide insights into potential treatment strategies.

Also the choice of vancomycin is supported by Mikkaichi et al [50], that have explored their efficacy

and mechanisms of action in the context of MRSA infections. Our choice to focus on methicillin in this

study is based on its widespread use during the COVID-19 pandemic, the emergence of MRSA strains

and the challenges posed by methicillin-resistant staphylococcus aureus [1], [35], [61], [2]. Additionally,

investigating the dynamics of methicillin in the context of COVID-19 and MRSA coinfection contributes

to addressing the complex interactions between these pathogens and optimizing treatment approaches

for co-infected patients. The equilibrium and basic reproduction number of the multiscale model were

studied. Our study encompassed a comprehensive global sensitivity analysis of the epidemiological

and within-host components of a multiscale model for COVID-19 and MRSA coinfection. For the

epidemiological part, the global sensitivity analysis employed Latin Square Sampling and Partial Rank

Correlation Coefficient (PRCC) methods, utilizing a sample size of 5000. Figures (3a) and (3b) display

PRCC values, revealing that certain factors significantly impact RB . Parameters such as the infection

rate of MRSA (β2), infection rate of COVID-19 (β1), recovery rate of MRSA-infected individuals (r),

isolation rate of COVID-19-infected individuals (a), exhibited substantial influence on RB . The analysis

indicated that reducing the infection rates of MRSA and COVID-19, as well as increasing the recovery

rate of MRSA-infected individuals and the isolation rate of COVID-19-infected individuals, were the

most effective measures for reducing the between-host reproduction number. These measures would lead

to a decrease in new infections and a reduction in the duration and number of infectious individuals.

Thus, interventions targeting these parameters hold promise for mitigating the spread of COVID-19

and MRSA coinfection.

Furthermore, a global sensitivity analysis assessed parameters’ impact on within-host reproduction

number (RW ), considering two scenarios: with and without methicillin (m = 0 and m = 1). Using

Latin Hypercube Sampling, we analyzed 5000 samples and plotted scatter plots when m = 0 (Subfigure

4a) and PRCCs (Subfigure 4b). Key parameters positively affecting RW included γ1, γ2, κ2, ε3, and

ψ4, with methicillin amplifying their impact. Conversely, ζ, d1, d2, ρ3, and ρ1 had negative effects

on RW , especially pronounced with methicillin. These findings underscore the role of methicillin in

parameter influence on RW and stress the importance of tailored strategies for managing COVID-19

and MRSA coinfections amidst antibiotic resistance concerns. Efforts should be made to boost the

effectiveness of antibiotics, such as methicillin or alternatives, to further suppress bacterial growth.

Controlling parameters like κ2, ε3, and ψ4 is crucial for effective co-infection management. In cases

where methicillin is not used (m = 0), it is suggested to implement strategies aimed at reducing the

intrinsic growth rates of MRSA. This can include infection control measures and prudent antibiotic use.

Further, targeting the decay rates of MRSA bacteria in individuals infected with MRSA and individuals

coinfected with COVID-19 and MRSA (d1 and d2), can further contribute to lowering the within-host

reproduction number (RW ).

For numerical simulations results, Figures 5 and 6 display within-host dynamics in COVID-19 and

MRSA coinfected individuals (ICM ) and MRSA-infected individuals (IM ) after methicillin treatment. In

ICM , methicillin (m = 1) boosts co-infected cell populations (E6), SARS-CoV-2 virus (V2), and MRSA

bacteria (BN ) while reducing methicillin-sensitive staphylococcus aureus (B2). Neutrophil populations

(N3) remain stable, unaffected by methicillin in Figure 5, but in Figure 6, neutrophils in IM (N2) slightly

rise with methicillin. Figure 7 shows no differences in COVID-19-infected individuals (IC), viral load

(V1), and infected cells (E2) between m = 0 and m = 1, emphasizing methicillin’s stronger impact

on bacteria. Figure 8 demonstrates a slight increase in MRSA-infected individuals (IM ), co-infected

individuals (ICM ), environmental MRSA (BE), and isolated individuals (J) with methicillin (m = 1),
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but methicillin does not alter populations of individuals infected with COVID-19 (IC) or environmental

virus (VE). We also evaluated vancomycin’s effect on MRSA and COVID-19-MRSA coinfection. Figure

9 reveals decreased MRSA populations in IM (BM ) and ICM (BN ) with increasing vancomycin effec-

tiveness, and no changes in other cell populations at the within-host scale. In Figure 10, simulations of

coinfection dynamics with immunomodulatory antibiotics, show increased neutrophil populations (N3)

without affecting other cells at the within-host scale. These findings guide treatment strategies for

COVID-19 and MRSA coinfections while considering antibiotic resistance concerns. Figure 11 explores

the impact of varying the coinfection rate (β3) of COVID-19 and MRSA. At the between-host level,

higher β3 increases coinfected individuals (ICM ) without affecting other populations. Within-host, β3

elevation boosts infected COVID-19 cell counts (E2) but lowers them with lower values. SARS-CoV-

2 virus (V1) rises slightly with higher β3 but doesn’t affect other within-host cells. These findings

highlight the sensitivity of coinfection dynamics to β3 changes, emphasizing the importance of simulta-

neous infection control. The study emphasizes the importance of continuous research, surveillance, and

the development of effective strategies to combat the complexities of COVID-19 and MRSA coinfection.
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