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A B S T R A C T   

Different COVID-19 treatment candidates are under development, and some are becoming available including 
two promising drugs from Merck and Pfizer. This study provides conceptual frameworks for the effects of three 
types of treatments, both therapeutic and prophylactic, and to investigate their population-level impact, to 
inform drug development, licensure, decision-making, and implementation. Different drug efficacies were 
assessed using an age-structured mathematical model describing SARS-CoV-2 transmission and disease pro-
gression, with application to the United States as an illustrative example. Severe and critical infection treatment 
reduces progression to COVID-19 severe and critical disease and death with small number of treatments needed 
to avert one disease or death. Post-exposure prophylaxis treatment had a large impact on flattening the epidemic 
curve, with large reductions in infection, disease, and death, but the impact was strongly age dependent. Pre- 
exposure prophylaxis treatment had the best impact and effectiveness, with immense reductions in infection, 
disease, and death, driven by the robust control of infection transmission. Effectiveness of both pre-exposure and 
post-exposure prophylaxis treatments was disproportionally larger when a larger segment of the population was 
targeted than a specific age group. Additional downstream potential effects of treatment, beyond the primary 
outcome, enhance the population-level impact of both treatments. COVID-19 treatments are an important mo-
dality in controlling SARS-CoV-2 disease burden. Different types of treatment act synergistically for a larger 
impact, for these treatments and vaccination.   

1. Introduction 

The pandemic caused by the severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) infection and associated Coronavirus Dis-
ease 2019 (COVID-19) continue to present a global health challenge 
(John Hopkins University Coronavirus resource center, 2021), a burden 
to healthcare systems (Legido-Quigley et al., 2020), and a cause of 
economic disruption (McKibbin and Fernando, 2020). While vaccina-
tion remains the fundamental solution for controlling and containing the 
pandemic (Makhoul et al., 2020), there are challenges to increasing 
vaccine coverage (Wouters et al., 2021; Schwarzinger et al., 2021), and 
emergence of variants of concern could reduce vaccine efficacy (World 

Health Organization, 2021; Abu-Raddad et al., 2021; Chemaitelly et al., 
2021; Tang et al., 2021). SARS-CoV-2 treatments may thus offer an 
additional tool to help control this pandemic and to reduce its disease 
burden, such as two promising drugs from Merck and Pfizer (Leonhardt, 
2021; Merck and Ridgeback’s, 2021; Mahase, 2021). Clinical trials are 
being conducted to assess efficacy and safety of various types of 
SARS-CoV-2/COVID-19 treatments, with different mechanisms of ac-
tion (Rosa and Santos, 2020; Ito et al., 2020; Milken Institute Faster 
Cures, 2021; The New York Times, 2020). Experience with other in-
fectious diseases, such as HIV (Granich et al., 2009; Cohen et al., 2011) 
and hepatitis C virus (Ayoub et al., 2020; Ayoub and Abu-Raddad, 
2019), have demonstrated the utility of treatment programs as 
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integral components of efforts to reduce infection transmission and 
associated disease burden. 

Assessment of the potential population-level impact of candidate 
drug treatments through mathematical modeling is a component of drug 
development, licensure, decision-making, and treatment cost adminis-
tration, just as it is for vaccines (Makhoul et al., 2020; McLean and 
Blower, 1995; Wells et al., 2015; Boily et al., 2012; Abu-Raddad et al., 
2007; Michael et al., 2007; Alsallaq et al., 2010). In particular, modeling 
can be used to define the drug’s key preferred product characteristics, by 
estimating levels of efficacy and mechanisms of action that are necessary 
to generate the desired population-level impact and to identify priority 
populations for optimal effectiveness, thereby providing early guidance 
to developers, manufacturers, and regulators about candidates that are 
likely to maximize public health impact and cost-effectiveness, as is 
typically done for vaccines (Boily et al., 2012; Hill et al., 2019; Sah et al., 
2019). 

Against this background, the objectives of this study were to provide 
conceptual frameworks for potential effects of three types of treatments, 
both therapeutic and/or prophylactic, and to investigate the population- 
level impact of these treatment types. The overarching goal of the study 
was to provide scientific evidence that could inform and accelerate drug 
development and licensure, at a critical time for such development. The 
modeling was applied to the United States population as a relevant and 
illustrative example. 

2. Methods 

2.1. Mathematical models and parameterization 

Age-structured deterministic compartmental models were con-
structed, building on our earlier calibrated models (Makhoul et al., 
2020; Ayoub et al., 2020; Ayoub et al., 2020; Makhoul et al., 2021; 

Abu-Raddad et al., 2021; Ayoub et al., 2021; Seedat et al., 2021; Ayoub 
et al., 2021; Abu Raddad et al., 2020; Ayoub et al., 2020) of SARS-CoV-2 
transmission dynamics to include effects of potential treatments against 
this infection. The resulting models were based on current understand-
ing of SARS-CoV-2 natural history and epidemiology and consisted of 
sets of coupled nonlinear differential equations that stratified the pop-
ulation into compartments according to age group (0–9, 10–19, …, ≥80 
years), infection status, infection stage (mild (including also asymp-
tomatic), severe, and critical), COVID-19 disease stage (severe, critical), 
and treatment status. 

Following a latency duration, infected individuals were modeled to 
develop mild (or asymptomatic) infection followed by recovery, or se-
vere infection followed by severe disease and then recovery, or critical 
infection followed by critical disease and either recovery or mortality. 
Recovered individuals were assumed to be protected against reinfection 
(Abu-Raddad et al., 2020; Abu-Raddad et al., 2021; Abu-Raddad et al., 
2021; Chemaitelly et al., 2021). Mixing between individuals in different 
age groups was described by an age-mixing matrix that allows a variety 
of mixing patterns. Assortativeness in mixing was assumed not to vary 
regardless of the presence or absence of public health restrictions. The 
degree of assortativeness was based on model fitting in mathematical 
modeling studies for SARS-CoV-2 infection (Abu-Raddad et al., 2021; 
Ayoub et al., 2021; Ayoub et al., 2021). All infections were assumed 
equally infectious regardless of the presence or absence of symptoms. 

Detailed descriptions of each treatment model and associated sche-
matic diagram are found in the Supplementary Materials (SM). Models 
were coded and analyzed using MATLAB R2019a (MATLAB®, 2019). 
Details of model parameters, values, and justifications are in Table S2. 

2.2. Types of treatments 

Impacts of three types of potential treatments were investigated: i) 

Table 1 
Summary of treatment types and scenarios investigated in this study.  

Treatment type Mechanism of action Drug efficacy 
symbol/description 

Explored scenarios Illustration of 
mechanisms of 
action 

Severe and critical 
infection treatment 

Administered only to persons with 
severe and critical infection. 

DESC: Treatment efficacy in preventing progression to 
severe or critical disease (the primary efficacy outcome 
for this treatment). 
DEM: Treatment efficacy in preventing mortality among 
those with critical disease.  

1) DESC = 50%, but DEM =

0%  
2) DEM = 50%, but DESC =

0%  
3) DESC = DEM = 50%  
4) Coverage was assumed to 

reach 80% 

Fig. S1 

Post-exposure 
prophylactic 
treatment 

Administered to persons who are 
latently infected, but not yet 
infectious. 

DEPostEP: Post-exposure treatment efficacy in preventing 
progression of infection (the primary efficacy outcome 
for this treatment). 
DESC: Treatment efficacy in preventing progression to 
severe or critical infection/disease. 
DEP: Treatment efficacy in reducing duration of 
infectiousness among those with mild (or 
asymptomatic) infection.  

1) DEPostEP = 50%, but 
DESC = 0% and DEP =

0%  
2) DESC = 50%, but 

DEPostEP = 0% and DEP =

0%  
3) DEP = 50%, but 

DEPostEP = 0% and DESC =

0%  
4) DEPostEP = DEP = 50%, 

but DESC = 0%  
5) Coverage was assumed to 

reach 80% 

Fig. S2 

Pre-exposure 
prophylactic 
treatment 

Administered to persons who are still 
susceptible and unexposed to the 
infection. 

DEPreEP: Pre-exposure treatment efficacy in preventing 
infection (the primary efficacy outcome for this 
treatment). 
DESC: Treatment efficacy in preventing progression to 
severe or critical infection/disease. 
DEP: Treatment efficacy in reducing duration of 
infectiousness among those with mild (or 
asymptomatic) infection.  

1) DEPreEP = 50%, but 
DESC = 0% and DEP =

0%  
2) DESC = 50%, but 

DEPreEP = 0% and DEP =

0%  
3) DEP = 50%, but DEPreEP =

0% and DESC = 0%  
4) DEPreEP = DEP = 50%, 

but DESC = 0%  
5) Coverage was assumed to 

reach 80% 

Fig. S3  
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severe and critical infection treatment, ii) post-exposure prophylactic 
treatment, and iii) pre-exposure prophylactic treatment. Table 1 lists 
these types of treatment and their considered drug efficacies (that is 
product characteristics of candidate drugs), and Figs. S1-S3 provide 
conceptual and schematic illustrations of their effects and mechanisms 
of action. 

We assumed that severe and critical infection treatment was 
administered to only persons with severe or critical SARS-CoV-2 infec-
tion. Treatment thwarts development of severe or critical COVID-19 
disease with drug efficacy DESC (the primary efficacy outcome for this 
treatment). However, those successfully treated were assumed not to 
have acquired protective immunity against reinfection, as such treat-
ment may interfere with development of natural immunity. For those 
who progress to critical disease despite treatment, treatment is still 
beneficial in preventing disease mortality, with efficacy DEM. This 
treatment thus reduces development of full-blown disease, or reduces 
disease mortality of those with critical disease. 

We further assumed that post-exposure prophylactic treatment was 
administered to persons who had been exposed to SARS-CoV-2 to pre-
vent further infection progression with efficacy DEPostEP (the primary 
efficacy outcome for this treatment). Therefore, the mechanism of action 
is similar to that of other post-exposure prophylactic treatments, such as 
those for HIV (Siedner et al., 2018), influenza (Oxford, 2007), and 
hepatitis B virus (HBV) (Watanabe et al., 2015). However, those suc-
cessfully treated were assumed not to acquire protective immunity 
against reinfection. For those in whom infection progresses despite 
treatment, treatment is still beneficial in preventing severe or critical 
disease, with efficacy DESC Moreover, for those who ultimately develop a 
mild infection despite treatment, the duration of infectiousness is 
assumed shorter by a fraction DEP (that is the treatment could accelerate 
resolution of the infection, as it does for influenza treatment with anti-
virals (Oxford, 2007)). Therefore, this type of treatment generally 
thwarts progression of infection, but in cases in which it does not, it 
reduces development of full-blown disease and accelerates resolution of 
mild infection. 

Pre-exposure prophylactic treatment was assumed to have a mech-
anism of action similar to that of pre-exposure prophylactic (“PrEP”) 
treatment for HIV (Spinner et al., 2016; LeVasseur et al., 2018) or ma-
laria (Baird et al., 2003). Treatment is administered to those who are still 
susceptible and unexposed to the infection and it prevents infection, as a 
vaccine does (Makhoul et al., 2020; Makhoul et al., 2021), with efficacy 
DEPreEP (the primary efficacy outcome for this treatment). For those who 
are infected despite treatment, the treatment is still beneficial in pre-
venting severe or critical disease, with efficacy DESC. Moreover, for those 
who develop a mild infection despite treatment, the duration of infec-
tiousness is assumed shorter by a fraction DEP. This type of treatment 
thus generally prevents infection as would a vaccine, but if not, it re-
duces development of full-blown disease and accelerates resolution of 
mild infections in “breakthrough” infections, that is infections acquired 
despite the treatment. 

2.3. Analysis scenarios 

To provide an example and proof-of-concept of the population-level 
impact of different treatment types, models were applied generically to a 
SARS-CoV-2 epidemic in a national population of the size and age 
structure of the U.S. population. Several scenarios were investigated for 
drug efficacies of each treatment type. These are summarized in Table 1. 
In all scenarios, and to assess optimal treatment potential, treatment was 
assumed to be scaled up at a fixed rate to reach the targeted coverage of 
80% in the specific target population at the end of the epidemic cycle. 

Two sets of analyses were conducted for each scenario, one assuming a 
basic reproduction number R0 = 3, that is assuming a natural course of 
infection in the absence of social and physical distancing restrictions (He 
et al., 2020; MIDAS Online COVID-19 Portal, 2020), as one purpose of the 
treatments is to avoid such restrictions, and one assuming R0 = 1.5, that is 

in concert with social and physical distancing restrictions. Since the overall 
level of SARS-CoV-2 ever infection in the global population remains rela-
tively low (Ayoub et al., 2021; Ayoub et al., 2021), baseline analyses were 
conducted assuming a generic case in which population immunity remains 
limited (set at 0%) at the onset of treatment interventions. Higher levels of 
population immunity were investigated in sensitivity analyses. Analyses 
were also conducted by targeting each treatment type to a specific age 
group, to investigate the age-dependency of the treatment impact. This was 
done by targeting the treatment to only one specific age group in the 
population at a time, while evaluating the impact of this age-targeted 
treatment in the entire population. 

2.4. Measures of treatment impact 

Population-level impact of different types of treatment was assessed 
by quantifying incidence, cumulative incidence, and reduction in inci-
dence of infections, severe disease cases, critical disease cases, and 
deaths arising despite treatment, compared to the counter-factual sce-
nario of no treatment. Treatment impact was further assessed by 
quantifying effectiveness, defined as the number of treatments (treated 
persons) needed to avert one infection or one adverse disease outcome 
(ratio of the number of treatments relative to that of averted outcomes). 
The latter measure is essentially a measure of cost-effectiveness, but 
with no costs included. 

2.5. Sensitivity analyses 

Sensitivity analyses were conducted to assess the impact of different 
values of the basic reproduction number (3 and 6), proportion of the 
population ever infected at onset of treatment (20% and 50%), treat-
ment coverage (50% and 80%), and treatment efficacy (50% and 80%). 
Treatment effectiveness was also assessed by combining these values to 
yield the worst-case scenario and best-case scenario for treatment 
effectiveness. Additional univariable sensitivity analyses were per-
formed to assess the range of outcomes by varying treatment efficacy 
over five-hundred model runs. In each run, Latin Hypercube sampling 
(Mckay et al., 1979; Sanchez and Blower, 1997) was applied to select the 
primary treatment efficacy of each treatment type within ± 30% of its 
baseline value. The resulting distributions for treatment impact across 
all 500 runs were used to calculate predicted means and ranges of 
outcomes. 

3. Results 

Severe and critical infection treatment at DESC = 50% reduced the 
incidence peak of severe disease by 39.5%, critical disease by 39.4%, 
and mortality by 39.8% (Fig. 1A-C). Numbers of treatments needed to 
avert one severe disease case, one critical disease case, and one death 
were 2.5, 9.9, and 31.0, respectively. There was strong age-dependence 
in treatment effectiveness with fewer treatments needed to avert one 
death at older age (Fig. 1D). If, in addition to DESC = 50%, there was 
auxiliary direct efficacy in preventing COVID-19 death (DEM = 50%), 
the impact of treatment in averting mortality nearly doubled (Fig. 1 C) 
and only 20.8 treatments were needed to avert one death. The impact of 
this type of treatment in the absence (Fig. 1) or presence (Fig. S4) of 
social and physical distancing restrictions was similar. 

While the impact of severe and critical infection treatment was only 
in prevention of COVID-19 disease and death, post-exposure prophy-
lactic treatment also impacted infection transmission significantly and 
flattened and slowed the epidemic time course (Fig. 2). Treatment 
coverage was assumed at 80%. This is an aspirational target coverage, 
motivated by the concept of effective contact tracing so that contacts are 
promptly given the treatment. However, admittedly, this target 
coverage is unlikely to be reached given our current knowledge of the 
epidemiology of this infection and the technical resources available at 
present for contact tracing. At DEPostEP = 50%, in the absence of social 
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and physical distancing restrictions, peak incidence of infection, severe 
disease, critical disease, and death was reduced by 70.5%, 69.0%, 
68.7%, and 59.0%, respectively, while cumulative numbers of in-
fections, severe disease cases, critical disease cases, and deaths were 
reduced by 30.6%, 32.6%, 31.5%, and 33.5%, respectively. Additional 
potential efficacies of this treatment in reducing severe and critical 
disease (DESC) and accelerating resolution of mild infection (DEP) also 
had a large impact in averting disease and reducing transmission, 
respectively (Fig. S5). Indeed, in the case of DEPostEP = DEP = 50% 
infection transmission was not sustainable, and the epidemic was fully 
contained. A similar large impact was found in presence of social and 
physical distancing restrictions (Fig. S6). 

There was strong age-dependence in effectiveness of post-exposure 
prophylactic treatment, with fewer treatments needed to avert one 
disease or death outcome at older age, regardless of the absence (Fig. 3) 
or presence (Figure S7) of social and physical distancing restrictions. 
However, effectiveness was optimized when a larger segment of the 
population was targeted than when it was restricted to a specific age 
group, due to the disproportionally larger impact on reducing the on-
ward transmission of the infection. By targeting the total population 

with this treatment at DEPostEP = 50% and 80% coverage, only 2.8, 94.0, 
381.6, and 1112.7 treatments were needed to avert one infection, one 
severe disease case, one critical disease case, and one death, 
respectively. 

Of the three types of treatments, pre-exposure prophylactic treat-
ment had the best impact (Fig. 4) and effectiveness (Fig. 5). It largely 
controlled infection transmission and immensely reduced disease and 
death. At DEPreEP = 50%, even in the absence of social and physical 
distancing restrictions, peak incidence of each of infection, severe dis-
ease, critical disease, and death were reduced by 76.2%, 74.9%, 74.9%, 
and 67.5%, respectively (Fig. 4), while cumulative numbers of in-
fections, severe disease cases, critical disease cases, and deaths were 
reduced by 51.8%, 52.6%, 52.1%, and 52.9%, respectively. Additional 
potential efficacies of this treatment in reducing severe and critical 
disease (DESC) and accelerating resolution of mild infection (DEP) also 
helped significantly to avert disease and reduce transmission, respec-
tively (Figure S8). In the case of DEPreEP = DEP = 50%, infection 
transmission was not sustainable, and the epidemic was fully contained. 
A similar large impact occurred in the presence of social and physical 
distancing restrictions (Figure S9). 

Fig. 1. Impact of SARS-CoV-2 severe and critical infection treatment. Impact of this treatment on the daily number of new A) severe disease cases, B) critical 
disease cases, and C) deaths at DESC = 50%, DEM = 50%, and DESC = DEM = 50% in the absence of social and physical distancing restrictions (R0 = 3.0). D) The 
number of treatments needed to avert one death through age-group prioritization at DESC = 50%. Results assuming social and physical distancing restrictions (R0 

= 3.0 reduced to R0 = 1.5) are found in Fig. S4. Detailed description of these scenarios can be found in Table 1. 
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There was strong age dependence in effectiveness of pre-exposure 
prophylactic treatment with fewer treatments needed to avert one dis-
ease or death outcome at older age, regardless of the absence (Fig. 5) or 
presence (Figure S10) of social and physical distancing restrictions. 
However, effectiveness was optimized when a larger segment of the 
population was treated than when a specific age group was targeted, due 
to the disproportionately larger impact on reducing onward trans-
mission of the infection. By targeting the total population with this 
treatment at DEPreEP = 50% and 80% coverage, only 1.6, 57.8, 228.3, 
and 708.8 treatments were needed to avert one infection, one severe 
disease case, one critical disease case, and one death. 

The results of the sensitivity analyses assessing the impact of 
different values for the basic reproduction number, proportion of the 
population ever infected at onset of treatment, treatment coverage, and 
treatment efficacy, as well as worst-case scenario and best-case scenario 
for combination of these values, are shown in Table 2. 

The results of the sensitivity analyses in assessing the range of out-
comes by varying the primary treatment efficacy of each treatment type 
are shown in Figure S11. 

4. Discussion 

While vaccination remains the fundamental solution to the COVID- 
19 pandemic, the above results demonstrate that different types of 
COVID-19 treatments could also help to control this pandemic and its 
disease burden, provided that such treatments are widely deployed. 
Even the simplest type of treatment, severe and critical infection treat-
ment, had a large impact in reducing severity and mortality. Post- 
exposure prophylactic treatment had a larger impact, as it affected not 
only disease, but also infection, thereby reducing onward transmission 
of the infection. Pre-exposure prophylactic treatment had the largest 
impact, as in reality, it is a form of vaccination. 

These findings also demonstrated that these three types of treatment 
complement one another and act synergistically, as they are targeted to 
different populations. Severe and critical infection treatment is best 
targeted to persons at higher risk of developing severe or critical disease, 
such as persons > 50 years of age and those with multiple or specific 
comorbidities. Post-exposure prophylactic treatment can be targeted to 
those with suspected exposure to the infection, such as contacts of 
infected persons or individuals quarantined for other reasons. This type 

Fig. 2. Impact of SARS-CoV-2 post-exposure prophylactic treatment. Impact of this treatment on the daily number of new A) infections, B) severe disease cases, 
C) critical disease cases, and D) deaths at DEPostEP = 50% in absence of social and physical distancing restrictions (R0 = 3.0). Results including additional potential 
efficacies of DESC = 50% and DEP = 50% are found in Fig. S5. Results assuming social and physical distancing restrictions (R0 = 3.0 reduced to R0 = 1.5) are found in 
Fig. S6. Detailed description of these scenarios can be found in Table 1. 

M. Makhoul et al.                                                                                                                                                                                                                               



Epidemics 39 (2022) 100567

6

of treatment, in a protocol that also includes real-time polymerase chain 
reaction (RT-PCR) testing, may even alleviate the need for quarantine, 
or at least reduce its duration, thereby minimizing the burden of quar-
antine measures on societies and economies. Pre-exposure prophylactic 
treatment can be used by those at higher risk of developing severe or 
critical disease if infected, especially at times of high incidence or during 
an ongoing outbreak, to minimize the likelihood of their acquiring the 
infection and developing COVID-19 disease. It can be further used as a 
form of travel medicine for those traveling to areas of high incidence, or 
more broadly used as a form of intervention to reduce infection acqui-
sition and transmission in the population, just as a vaccine. 

With the tepid scale-up of vaccination worldwide (Bloomberg, 
2021), vaccine hesitancy (Wouters et al., 2021; Schwarzinger et al., 
2021; BioSpace, 2021), and the circulation of variants of concern with 
evidence for lower vaccine efficacy against them (World Health Orga-
nization, 2021; Abu-Raddad et al., 2021; Chemaitelly et al., 2021; Tang 
et al., 2021; Abu-Raddad et al., 2021; European Centre for Disease 
Prevention and Control, 2020), it is possible that this pandemic may last 
for years, highlighting the need for treatment as an additional strategy to 
complement vaccination and to reduce disease burden. The emergence 
of variants of concern with higher infectiousness (World Health Orga-
nization, 2021; Abu-Raddad et al., 2021; Chemaitelly et al., 2021; Tang 
et al., 2021; Abu-Raddad et al., 2021; European Centre for Disease 
Prevention and Control, 2020) indicates that R0 of this infection is 
probably increasing, leading to a higher threshold for herd immunity 

(Anderson et al., 2020; Britton et al., 2020; Jeremijenko et al., 2021; 
Al-Thani et al., 2021). Perhaps as much as 90% of the population would 
have to be immune, thereby complicating efforts to fully control the 
infection. It seems not likely that vaccine coverage will reach the level 
needed for herd immunity, or that real-world vaccine effectiveness will 
ever be high enough, given the expanding number of variants of concern 
and waning of vaccine protection (Abu-Raddad et al., 2021; Chemaitelly 
et al., 2021; Tang et al., 2021; Abu-Raddad et al., 2021; Chemaitelly 
et al., 2021). This further affirms the need to continue development of 
novel treatments per the three types modeled in this study. 

While treatments are likely to be developed for a specific primary 
outcome, such as efficacy in reducing COVID-19 severity and mortality 
or acquisition of infection, they may also have other downstream 
auxiliary effects (Table 1), just as for vaccines that can reduce infec-
tiousness and change disease progression, in addition to preventing 
acquisition of infection (Makhoul et al., 2020; Abu-Raddad et al., 2007; 
Ayoub et al., 2020). The presence of these additional effects is supported 
by our growing knowledge of the natural history and immunology of this 
infection (Sette and Crotty, 2021). In the present study, we investigated 
the impact of such additional effects (note, for example, Fig. 1 and 
Figures S5 and S8). Their large impact suggests that the population-level 
impact of each treatment could be even higher than expected, consid-
ering only the primary treatment outcome. This further supports the role 
of treatment as an important approach to confronting this pandemic. 

One finding of this study is that treatment coverage is an important 

Fig. 3. SARS-CoV-2 post-exposure prophylactic treatment effectiveness by age group. The number of treatments that are needed for each age group to avert one 
A) infection, B) severe disease case, C) critical disease case, and D) death at DEPostEP = 50% in the absence of social and physical distancing restrictions (R0 = 3.0). 
Results assuming social and physical distancing (R0 = 3.0 reduced to R0 = 1.5) are found in Fig. S7. Detailed description of these scenarios can be found in Table 1. 
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factor in its impact, with disproportionally larger impact for higher 
coverage—the indirect effects on onward transmission are larger the 
more closely the population approaches the threshold of R0 = 1. 
Treatment effectiveness was optimized when a larger segment of the 
population was targeted than when treatment was restricted to a specific 
age group. For instance, only 1.6 pre-exposure prophylactic treatments 
would be needed to avert one infection if this treatment achieves 
coverage of 80% in the wider population, but ≥ 2 treatments would be 
needed by targeting only a specific age group (Fig. 5). 

The impact of treatment was investigated for a generic population to 
provide a “proof-of-concept” for the population-level impact of inves-
tigated types of treatment. Actual impact, however, can also depend on 
the epidemic phase in each country. The conceptual frameworks and 
modeling tools provided here can be applied to generate specific pre-
dictions for specific countries, factoring the actual epidemic phase at any 
given time. 

5. Limitations of the study 

Model estimations are contingent on the validity and generalizability 
of input data and parameters. While we used available evidence for 

SARS-CoV-2 natural history and epidemiology, our understanding of its 
epidemiology is still evolving. We provided a conceptual framework for 
the potential effects of each type of treatment, but actual effects of each 
specific treatment will be clarified only after each drug product is 
developed and tested. Development of novel treatments may not also 
necessarily translate into broad use, as costs and logistics could be 
barriers to benefits from any novel COVID-19 intervention, especially in 
resource-limited settings. Despite these limitations, the developed 
models are sufficiently sophisticated to factor different potential effects 
for each type of treatment, for broad future use and applications, but still 
parsimonious enough to be tailored to available data. 

In conclusion, COVID-19 therapeutic and prophylactic treatments 
can play an important role in controlling SARS-CoV-2 transmission and 
reducing COVID-19 disease burden, in a manner that complements 
vaccination and other interventions. Different types of treatment can act 
synergistically for a larger impact. With the likelihood that this 
pandemic may become protracted for years, investment in development 
of novel treatments of different effects may prove essential to reduce the 
burden of this infection and its toll on societies and economies. 

Fig. 4. Impact of SARS-CoV-2 pre-exposure prophylactic treatment. The impact of this treatment on the daily number of new A) infections, B) severe disease 
cases, C) critical disease cases, and D) deaths at DEPreEP = 50% in the absence of social and physical distancing restrictions (R0 = 3.0). Results including additional 
potential efficacies of DESC = 50% and DEP = 50% are found in Fig. S8. Results assuming social and physical distancing restrictions (R0 = 3.0 reduced to R0 = 1.5) 
are found in Figure S9. Detailed description of these scenarios can be found in Table 1. 
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Fig. 5. SARS-CoV-2 pre-exposure prophylactic treatment effectiveness by age group. The number of treatments needed for each age group to avert one A) 
infection, B) severe disease case, C) critical disease case, and D) death at DEPreEP = 50% in the absence of social and physical distancing restrictions (R0 = 3.0). 
Results assuming social and physical distancing (R0 = 3.0 reduced to R0 = 1.5) are found in Fig. S10. Detailed description of these scenarios can be found in Table 1. 

Table 2 
Sensitivity analyses assessing the effectiveness of three types of SARS-CoV-2 treatments. For each treatment type, effectiveness is assessed at two different values of the 
basic reproduction number (3 and 6), proportion of the population ever infected at onset of treatment (20% and 50%), treatment coverage (50% and 80%), and 
treatment efficacy (50% and 80%). Treatment effectiveness is also assessed by combining these values to yield the worst-case scenario and best-case scenario for 
treatment effectiveness.   

Basic reproduction 
number 

Proportion of the population ever 
infected at onset of treatment 

Treatment 
coverage 

Primary treatment 
efficacy 

Worst scenarioa Best scenariob 

3.0 6.0 20% 50% 50% 80% 50% 80% Combination Combination 

Number of treatments needed to avert one severe or critical disease case 
Severe and critical infection treatment  2.0  2.0  2.0  2.0  2.0  2.0  2.0  1.3  2.0  1.3 
Post-exposure prophylactic treatment  81.4  231.5  48.0  25.6  100.0  81.4  81.4  22.2  183.7  25.1 
Pre-exposure prophylactic treatment  46.1  50.8  43.1  47.4  51.3  46.1  46.1  24.4  46.8  30.2  

a Combination of parameter values to yield the worst-case scenario for treatment effectiveness. 
b Combination of parameter values to yield the best-case scenario for treatment effectiveness. 
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