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The COVID-19 pandemic has precipitated a global crisis, with 
more than 1,430,000 confirmed cases and more than 85,000 
confirmed deaths globally as of 9 April 20201–4. Mitigation 
and suppression of new infections have emerged as the two 
predominant public health control strategies5. Both strategies 
focus on reducing new infections by limiting human-to-human 
interactions, which could be both socially and economically 
unsustainable in the long term. We have developed and ana-
lyzed an epidemiological intervention model that leverages 
serological tests6,7 to identify and deploy recovered indi-
viduals8 as focal points for sustaining safer interactions via 
interaction substitution, developing what we term ‘shield 
immunity’ at the population scale. The objective of a shield 
immunity strategy is to help to sustain the interactions nec-
essary for the functioning of essential goods and services9 
while reducing the probability of transmission. Our shield 
immunity approach could substantively reduce the length and 
reduce the overall burden of the current outbreak, and can 
work synergistically with social distancing. The present model 
highlights the value of serological testing as part of inter-
vention strategies, in addition to its well-recognized roles in 
estimating prevalence10,11 and in the potential development of 
plasma-based therapies12–15.

In the absence of reliable pharmaceutical interventions against 
SARS-CoV-2, multiple public health strategies are being deployed to 
slow the coronavirus pandemic1,5,16. These strategies can be broadly 
grouped into two approaches: mitigation and suppression. Mitigation 
includes a combination of social distancing (including school and 
university closures), case testing and symptomatic case isolation 
to reduce epidemic spread and burden on hospitals. Mitigation is 
intended to lessen an outbreak. However, the number of cases might 
still overwhelm health services5. Some jurisdictions have either pre-
emptively or reactively adopted a combination of travel restrictions 
(shown to be effective in curtailing dispersion if implemented early 
enough17,18) and suppression, which involves imposing complete 
shutdowns of the bulk of non-essential services for extended peri-
ods. Suppression strategies have led to marked decreases in new case 
rates in the short term by combining case isolation, quarantine, use 
of separate facilities for treating COVID-19 patients and large-scale 

viral testing to reduce transmission19. Suppression also comes with 
considerable community and economic costs, for example, threaten-
ing social order and affecting employment and other factors, espe-
cially among disadvantaged groups20.

Here, we propose an approach to limit transmission, which is 
both complementary to and intended to lessen the multifaceted costs 
of mitigation and suppression. The core idea is to leverage a mecha-
nism of ‘interaction substitution’ by identifying recovered individu-
als who have protective antibodies to SARS-CoV-2 and deploying 
them back into the community. The intention of this strategy is to 
develop population-level ‘shield immunity’ by amplifying the pro-
portion of interactions with recovered individuals relative to those 
of individuals of unknown status (Fig. 1). Here, we assume that 
recovered individuals (virus-negative and antibody-positive) can 
safely interact with both susceptible and infectious individuals, in 
effect substituting interactions with susceptible and infectious indi-
viduals for interactions with recovered individuals. This interven-
tion strategy is initially local in scope and scales with outbreak size, 
given that the potential effects of shield immunity increase follow-
ing a local outbreak. A summary of the main findings, limitations 
and implications of the model is shown in Table 1.

To illustrate the core concept of shield immunity, we consider an 
epidemic model in which individuals preferentially substitute their 
interactions with identified or strategically located recovered indi-
viduals. Hence, rather than mixing at random, we consider a rela-
tive preference of 1 + α that a given individual will interact with a 
recovered individual in what would otherwise be a potentially infec-
tious interaction. This type of interaction substitution is equivalent 
to assuming an effective contact rate ratio of 1 + α for recovered 
individuals relative to the rest of the population. The dynamics of 
the fraction of susceptible (S), infectious (I) and recovered (R) indi-
viduals are

_S ¼ �β SI
1þαR

_I ¼ β SI
1þαR � γI

_R ¼ γI

such that when α = 0 we recover the conventional SIR model given 
transmission rate β and recovery rate γ. Note that the denominator 
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1 + αR can be thought of as S + I + R + αR. Given that S + I + R = 1, 
this is equivalent to the term 1 + αR. Figure 1 illustrates shield 
immunity impacts on a SIR epidemic with R0 ¼ 2:5

I
 (R0

I
 is the 

basic reproduction number). In this SIR model, shield immu-
nity reduces the epidemic peak and shortens the duration of epi-
demic spread. Shielding in this context acts as a negative feedback 
loop, given that the effective reproduction number is given by 
Reff ðtÞ=R0 ¼ SðtÞ=ð1þ αRðtÞÞ:
I

 As a result, interaction substitu-
tion increases as recovered individuals increase in number and are 
identified. For example, in the case of α = 20, the epidemic con-
cludes with less than 20% infected in contrast to the final size of 
~90% in the baseline scenario without shielding (Fig. 2).

We also examined ‘flexible’ and ‘fixed’ shielding as potential 
alternative interaction substitution mechanisms (see Methods). A 
flexible shielding mechanism accounts for enhanced time-varying 
interaction rates of recovered individuals by a factor of (1 + α) rela-
tive to the interaction rate of other individuals, while keeping the 
total contact rate equal to that of the baseline (explicitly accounting 
for a strict substitution of interaction). A fixed shielding mechanism 
considers enhanced time-fixed interaction rates of recovered indi-
viduals by a factor of (1 + α) relative to the baseline rate, while keep-
ing the total contact rate equal to that of the baseline (again explicitly 
accounting for strict substitution of interactions). Extended Data 
Fig. 1 shows that shielding is robust to these alternative scenarios, 
and potentially even more effective. For example, in a scenario 
of fixed shielding with α = 3, recovered individuals sustain four  
times as many contacts relative to their pre-intervention baseline, 

ensuring the final outbreak concludes with less than 25% of the 
population having been infected compared to the expectation of 
~90% in the absence of shielding. We use our core shielding model 
as the basis for application to COVID-19, as it represents the con-
servative benefits of shielding; however, detailed mixing and sub-
stitution models could also lead to further variations of this model, 
such as in spatially explicit domains or on networks21–24.

Here, we apply our model of shield immunity to the epidemio-
logical dynamics of the COVID-19 pandemic. For simplicity, we 
ignore births and other causes of death. We consider a population of 
susceptible (S), exposed (E), infectious asymptomatically (Ia), infec-
tious symptomatically (Is) and recovered R who are free to move 
without restrictions in a ‘business as usual’ scenario. A subset of 
symptomatic cases will require hospital care, which we further divide 
into subacute (Ihsub) and critical and/or acute (requiring intensive 
care unit (ICU) intervention, Ihcri) cases. We assume that a substan-
tial fraction of critical cases will die. Age-stratified risk of hospi-
talization and acute cases are adapted from the values from ref. 5,  
which models potential outcomes in the United Kingdom and the 
United States. The full model incorporating shield immunity (see 
Methods and Extended Data Fig. 2) differs from conventional SIR 
models with social distancing or case isolation interventions. The 
rate of transmission is reduced by a factor of 1/(Ntot + αRshields) where 
Ntot denotes the fraction of the population in the circulating base-
line, and Rshields denotes the total number of recovered individuals 
between the ages of 20 and 60 years (a subset of the total recovered 
population). In this model, we assume that all recovered individuals 
have immunity, but that only a subset are able to facilitate inter-
action substitutions. The model assumes that the individuals in 
the circulating pool are not interacting with hospitalized patients. 
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Fig. 1 | Simplified schematic of intervention serology via shield immunity. 
a, Population dynamics of susceptible, infectious and recovered, in 
which recovered individuals reduce contact between susceptible and 
infectious individuals. Arrows denote flows between population-level 
compartments. b, Individual views of the baseline scenario (left) and 
shielding scenario (right), in which the identification, designation and 
deployment of recovered individuals is critical to enabling susceptible–
recovered and infectious–recovered interactions to replace susceptible–
infectious interactions. Bonds denote interactions between individuals. In 
the ‘Shield immunity’ panel, the icon in the recovered individuals denotes 
the identification of individuals with protective antibodies, and hence the 
enhanced contribution of such individuals to shield immunity in contrast to 
the ‘Baseline’ panel.

Table 1 | Policy summary

Background Mitigation and suppression have emerged as the 
primary means to control the pandemic spread of 
COVID-19, raising questions of sustainability and 
exit strategies. Complementary to mitigation and 
suppression, we have proposed a ‘shield immunity’ 
model of intervention that leverages serological 
tests to identify and deploy recovered individuals 
who have developed protective antibodies to 
SARS-CoV-2.

Main findings and 
limitations

Serological testing is essential to identifying 
individuals who have been infected, recovered and 
are immune (in the near term) to SARS-CoV-2. 
Several scenarios have been explored that show 
substantive decreases in cases, hospitalizations, 
and deaths compared to baseline given enhanced 
interactions with recovered individuals that reduce 
the risk of transmission. As with all modeling 
studies, our predictions come with reasonable 
assumptions; nonetheless, controlling the course 
of the epidemic could benefit from identifying 
seropositive individuals and integrating their 
behavior into multifaceted intervention approaches.

Policy implications Our findings reinforce the need for large-scale, 
serological testing initiatives to identify individuals 
who have recovered from COVID-19. Although 
questions remain about the duration and 
effectiveness of immunity, strategic identification 
and deployment of recovered individuals represents 
an opportunity to reduce transmission for the 
collective good. Initiating large-scale serological 
testing initiatives is key to proactive approaches to 
end the COVID-19 pandemic and enable economic 
re-engagement.
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Interactions with patients in the hospital setting need to be incor-
porated into specific implementation scenarios with healthcare  
workers25. The baseline epidemiological parameters, age-stratified 
risk and population structure are provided in Supplementary Tables 1  
and 2 and in the code (available on GitHub at https://github.com/
WeitzGroup/covid_shield_immunity).

We use the baseline epidemiological parameters5,26–29 
(Supplementary Tables 1 and 2) and seed an outbreak with a single 
exposed individual until the outbreak reaches 0.1% total prevalence 
(10,000 individuals infected out of a population of 10,000,000, at 
which point a shielding strategy is implemented). Outbreak sce-
narios differ in transmission rates, with R0 ¼ 1:57

I
 and 2.33 in the 

low-transmission and high-transmission scenarios, respectively. 
Early estimates of R0

I
 from Wuhan are consistent with a 95% con-

fidence interval (CI) of between 2.1 and 4.5 (ref. 30), putting our 
high-transmission scenario on the conservative end of estimated 
ranges. However, the R0

I
 of the high-transmission scenario we 

examine here is consistent with the range of 2.0–2.6 considered 
in ref. 5, and with the median of R0 ¼ 2:38

I
 (95% CI, 2.04–2.77) as 

estimated via stochastic model fits to outbreak data in China that 
account for undocumented transmission28. Moreover, given that 
control measures reduce transmission19, our low-transmission sce-
nario is consistent with estimates of R0 ¼ 1:36

I
 (95% CI, 1.14–1.63) 

in China from 24 January to 3 February after travel restrictions 

and other measures were implemented. Figure 3 shows the results 
of comparing shielding interventions to the baseline outbreak. As 
in the simple SIR model, shielding on its own could potentially 
decrease epidemic burden across multiple metrics, decreasing both 
the total impact and shortening the peak event. In a population of 
size 10,000,000 for the high-transmission scenario, the final epi-
demic predictions are 71,000 deaths in the baseline case compared 
with 58,000 deaths given intermediate shielding (α = 2) and 20,000 
deaths given enhanced shielding (α = 20). In a population of size 
10,000,000 for the low-transmission scenario, the final epidemic 
predictions from our model are 50,000 deaths in the baseline case 
compared with 34,000 deaths given intermediate shielding and 
8,300 deaths given enhanced shielding. The majority of deaths are 
of individuals aged 60 years and older, despite the lower fraction of 
individuals in those ranges (Fig. 3), which is consistent with esti-
mates in related COVID-19 models5,27,28 and from the outbreaks in 
Italy and China31. Our simulation results consider effects of shield-
ing alone, whereas ongoing restrictions, such as social distancing 
and shelter-in-place orders, will help to further reduce interaction 
rates. The effectiveness of shielding depends on the product of mul-
tiplying the number of potential shields identified and their effec-
tive substitutability, that is, αRshields, combining identification of and 
interaction rate by recovered individuals.

The population-scale effects of shielding relies on multiple fac-
tors, including demographic distributions, the fraction of asymp-
tomatic transmission26,28 and the duration of immunity. We find that 
populations with a strongly right-shifted demographic distribution 
could potentially receive increased benefits from shielding. Even 
though there are fewer recovered individuals between the ages of 
20 and 60 to draw from in right-shifted demographic distributions 
than left-shifted demographic distributions, the effect of shield 
immunity is greater. We find that the relative reduction in deaths via 
shield immunity compared to the baseline scenario is proportional 
to the fraction of population over 60 years (see Methods for details 
on US state-level analyses and also Extended Data Fig. 3). Similar 
results are expected to hold for countries, such as Italy, where more 
than 23% of the population is older than 65 years and nearly 30% 
is older than 60 years. Shield immunity is robust to variation in 
asymptomatic infection probabilities, which improves outcomes in 
models with varying baseline levels of asymptomatic transmission 
(Extended Data Figs. 4–6). In addition, our model assumes that 
immunity has fast onset (2–3 weeks) and is permanent in duration. 
Clinical work at Zhejiang University, China, suggests that serocon-
version of total antibody, IgM and IgG antibodies developed with a 
median period of 15, 18 and 20 days post exposure, respectively, for 
symptomatic patients in a hospital32. The effects of shield immu-
nity are robust in a scenario where the duration of immunity is 
four months or longer (Extended Data Figs. 7 and 8). Distinct con-
trol measures that extend the epidemic would probably influence 
the effectiveness of shield immunity given variation in immune 
responses at the individual level. The titer of protective antibodies in 
individuals infected with related betacoronaviruses (causing mild/
moderate symptoms) reduced over a one-year period such that 
re-exposure can lead to re-infection33, by contrast with evidence 
of multi-year immunity for individuals who have recovered from 
SARS34. In addition, we emphasize that the accuracy of serological 
tests is essential. The benefits of shield immunity may be under-
mined if recovered individuals can be re-infected (even with little 
danger to themselves) or if these individuals are potentially mis-
identified, which could lead to interaction substitution with indi-
viduals who could infect others. This risk could be abrogated by 
combining serology with PCR testing methods.

In practice, shield immunity would not be implemented as a 
singular strategy; rather, multiple interventions will be used in 
parallel. We evaluated the synergistic potential of utilizing shield 
immunity in combination with social distancing. Social distancing 
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is modeled as a reduction in the transmission rates sustained over 
the post-intervention period. Shielding can augment social distanc-
ing, particularly when social distancing is largely ineffective (Fig. 4).  
For example, contour lines of reduction in total fatalities suggest 
that a combination of 10% reduction in transmission with α = 20 is 
equivalent to a nearly 50% reduction in transmission in the absence 
of shield immunity. However, there is a compromise. Because social 
distancing reduces contacts and transmission, there are fewer recov-
ered individuals when β is reduced by 50%. Nonetheless benefits 
of shielding accrue at all levels of social distancing. Social distanc-
ing and shield immunity could work in combination to improve 
outcomes in terms of expected hospitalization burden, suggesting 
a role for shield immunity in reducing transmission and reducing 

the negative impacts of suppression-level social distancing policies. 
Finally, targeted shield immunity could also enhance population 
outcomes by focusing the effort of recovered individuals in subsets 
of the population. Heuristic solutions to an optimization formula-
tion of targeted (age-specific) shield immunity in this model are 
shown in Extended Data Figs. 9 and 10. By preferentially targeting 
older individuals by shielding those at highest risk, it is possible to 
further reduce cumulative deaths by ~30%.

Population-wide serological testing is urgently needed. We have 
shown a rationale for serological testing as a means to facilitate inter-
ventions complementary to mitigation and suppression. Identifying 
and deploying recovered individuals represents an opportunity to 
slow transmission by developing population-level shield immunity. 
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Yet, logistical and social challenges must be addressed to implement 
shield immunity in practice. Accurate and rapid serological tests 
are needed at scale, including targeted surveys to identify essential 
workers and via population-level surveys. In evaluating the suitabil-
ity of test features, high specificity is critical, so that people who 
are susceptible are not mistakenly identified as recovered (false 
positives). On 9 April 2020, the US Food and Drug Administration 
authorized emergency use of a SARS-CoV-2 antibody test with 
reported 96% specificity and 94% sensitivity (https://www.fda.gov/
media/136625/download). There were no reported false positives 
out of 250 cases when combining IgG and IgM; however, this does 
come at the cost of decreased sensitivity. In practice, the positive 
predictive value will vary with prevalence, suggesting that deploy-
ment could be more effective among groups that appear to have 
elevated rates of current or past infection. The possibility of com-
bining models of shield immunity with test accuracy and specificity 
warrants further exploration.

The potential scale of shield immunity depends on both the 
intrinsic epidemic dynamics, which drives the number of recovered 
individuals able to provide shield immunity, as well as the ability to 
accurately identify and deploy these individuals. As serological tests 
become widely available and, hopefully, improvements in specificity 
are made, new questions will be raised with respect to test prioriti-
zation and action-taking for those who test positive for protective 
antibodies. Public health authorities and governmental agencies 
need to consider how to best prioritize testing for those in critical 
roles, those with experience in disaster response, as well as individu-
als who have previously tested positive for SARS-CoV-2, who could 
return for both serology-based and viral-shedding assays. Positive 
confirmation of immunity and cessation of viral shedding could 
help identify and deploy a substantial proportion of the population 
as part of a shield immunity strategy, with the greatest concentra-
tion potentially co-located with areas in greatest need of interven-
tion. Integrative strategies could consider the deployment of critical 
response workers with protective antibodies to help control new 
outbreaks, as was proposed for efforts to curb the spread of Ebola 
virus disease in West Africa in 201435.

We also recognize that there are considerable challenges to imple-
menting interventions that aim to develop population-wide shield 
immunity. Nonetheless, the magnitude of the current public health 
and economic crisis demands large-scale action36,37. The efficacy of a 
shield immunity strategy depends on many factors, including demo-
graphics and interaction context. Beyond the near term, the dura-
tion of immune memory is also relevant in projecting to a multi-year 
post-pandemic framework where demographic dynamics and strain 
evolution are increasingly relevant38,39. Hence, a serological testing 
initiative, with repeated testing over time, could benefit intervention 
efforts while also providing critical information on seroconversion 
and the risk of re-infection to recovered individuals.

Finally, it will be critical to understand how shield immu-
nity is modulated by spatial and network structure. In a network, 
well-connected individuals have a disproportionate effect on the 
spread of disease22. Network structure represents an opportunity to 
position immune shields at focal points of essential services, and 
even to prioritize a focus on population-scale serological prevalence 
assays based on the connectivity of recovered individuals. In the 
present analysis, we assumed that interactions with recovered indi-
viduals occur at a rate (1 + α) higher than with other individuals, 
enabling population-scale shield immunity to emerge before herd 
immunity. However, there are multiple interaction mechanisms that 
could yield such interaction substitution, including both ‘flexible’ 
and ‘fixed’ shielding mechanisms that take different approaches to 
the extent to which recovered individuals alone, or all individuals, 
modulate their contact rates. As shown in Extended Data Fig. 1, these 
mechanisms have the potential to enhance the impact of shielding 
at lower levels of α. Further studies are needed to explore how these 

mechanisms could guide efforts to rewire networked interactions to 
minimize transmission while also alleviating the impacts of social 
distancing by partially restoring network connectivity.

Although the number of laboratory-confirmed cases of 
SARS-CoV-2 is staggering and growing, the actual number of infec-
tions is higher—probably far higher. For example, in China, 80% of 
transmissions of new cases were from undocumented infections28 
and there is considerable uncertainty with respect to case ascertain-
ment40. Asymptomatic transmission could, paradoxically, provide a 
greater pool of recovered individuals to develop shield immunity 
at scale. We contend that it is time for collective action to ascertain 
more information on outbreak size and to consider the strategic use 
of serology as the basis for integrative public health interventions to 
control the pandemic spread of COVID-19.
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Methods
Shielding mechanisms. Force of infection. Consider the force of infection to be 
the contact rate of susceptible individuals multiplied by the probability that the 
interactions are with an infectious person multiplied by a probability that the 
event leads to an infection. Let cS, cI and cR equal the contact rates of susceptible, 
infectious and recovered individuals, respectively. Hence, the force of infection 
should be proportional to

cS
cII

cSSþ cII þ cRR

� �

in which the weighted average of contacts is c0 = cSS + cII + cRR. When cS = cI = c0 and 
cR = c0(1 + α), the force of infection is proportional to

c0
I

1þ αR

� �

This is the basis for the core shielding model presented in the main text. We 
consider ‘flexible’ and ‘fixed’ shielding mechanisms, which keep the weighted 
average constant throughout the dynamics.

Flexible shielding. In a flexible shielding mechanism, recovered individuals have 
(1 + α) greater contact rates than susceptible or infectious individuals. Denoting 
cB as the baseline contact rate of susceptible and infectious individuals (equal to 
both cS and cI) implies that cR = (1 + α)cB. Hence, for flexible shielding the weighted 
average becomes

cBðSþ IÞ þ cBð1þ αÞR ¼ c0

or equivalently

cBð1� RÞ þ cBð1þ αÞR ¼ c0

such that

cB ¼ c0
1�RþRþαR

¼ c0
1þαR

As a result, the force of infection is proportional to

c2BI
c0

or

c0I

1þ αRð Þ2

The resulting SIR dynamics with flexible shielding are

_S ¼ �β SI
1þαRð Þ2

_I ¼ β SI
1þαRð Þ2 � γI

_R ¼ γI

Flexible shielding has an even stronger effect on epidemic outbreaks than 
analysis of the core shielding model 1=ð1þ αRÞð Þ

I
 presented in the main text 

(Extended Data Fig. 1). In keeping the number of contacts constant, infectious  
and susceptible individuals diminish their interactions given more shields to 
replace them.

Fixed shielding. In a fixed shielding mechanism, recovered individuals have  
(1 + α) greater contact rates relative to their original baseline, such that the  
new weighted average is

cBð1� RÞ þ c0ð1þ αÞR ¼ c0

implying

cB ¼ c0
1� ð1þ αÞR

1� R

Hence, the force of infection is proportional to

c2BI
c0

or

c0 1� ð1þ αÞRð Þ2

1� Rð Þ2
I

The resulting SIR dynamics with fixed shielding are

_S ¼ �β SI 1�ð1þαÞRð Þ2
1�Rð Þ2

_I ¼ β SI 1�ð1þαÞRð Þ2
1�Rð Þ2 � γI

_R ¼ γI

This model is applicable insofar as ð1þ αÞR≤1
I

, such that the epidemic must 
have an outbreak size R1≤1=ð1þ αÞ

I
. Like flexible shielding, the fixed shielding 

mechanism also outperforms the core shielding model presented in the main text 
(Extended Data Fig. 1).

Assumptions for an age-structured model. Consider a population of  
susceptible (S), exposed (E), infectious asymptomatic (Iasym), infectious 
symptomatic (Isym) and recovered (R) who are free to move, without restrictions  
in a ‘business as usual’ scenario. A subset of symptomatic cases will require  
hospital care, which we further divide into subacute (Ihsub) and critical/acute  
(that is, requiring ICU intervention, Ihcrit) cases. Vital dynamics (births and other 
causes of death) are ignored for simplicity. The model is visually represented in 
Extended Data Fig. 2 and the system of nonlinear differential equations governing 
this age-structured epidemiological model are as follows:

dS að Þ
dt ¼ � βsS að ÞIsym;tot

zfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflffl{symptomatic contact

NtotþαRshields
� βaS að ÞIasym;tot

zfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflffl{asymptomatic contact

NtotþαRshields

dE að Þ
dt ¼ βsS að ÞIsym;tot

zfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflffl{symptomatic contact

NtotþαRshields
þ βaSðaÞIasym;tot

zfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflffl{asymptomatic contact

NtotþαRshields
� γeE að Þ

zfflffl}|fflffl{onset of infectiousness

dIa að Þ
dt ¼ p að ÞγeE að Þ

zfflfflfflfflfflfflffl}|fflfflfflfflfflfflffl{asymptomatic onset

� γaIasym að Þ
zfflfflfflfflfflffl}|fflfflfflfflfflffl{recovery

dIsym að Þ
dt ¼ 1� p að Þð ÞγeE að Þ

zfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflffl{symptomatic onset

� γsIsym að Þ
zfflfflfflfflffl}|fflfflfflfflffl{transfer from Isym

dIhsub að Þ
dt ¼ h að Þ 1� ξ að Þð ÞγsIsym að Þ

zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{subcritical cases

� γhIhsub að Þ
zfflfflfflfflffl}|fflfflfflfflffl{transfer from Ihsub

dIhcrit að Þ
dt ¼ h að Þξ að ÞγsIsym að Þ

zfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflffl{critical ICUð Þ cases

� γhIhcrit að Þ
zfflfflfflfflffl}|fflfflfflfflffl{transfer from Ihcrit

dR að Þ
dt ¼ γaIasym að Þ

zfflfflfflfflfflffl}|fflfflfflfflfflffl{recovery from Iasym

þ 1� h að Þð ÞγsIsym að Þ
zfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{recovery from Isym

þ γhIhsub að Þ
zfflfflfflfflffl}|fflfflfflfflffl{recovery from Ihsub

þ 1� μð ÞγhIhcrit að Þ
zfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflffl{recovery from Ihcrit

dD að Þ
dt ¼ μγhIhcrit að Þ

zfflfflfflfflfflfflffl}|fflfflfflfflfflfflffl{mortality

where Isym;tot

I
 represents the total number (across all age classes) of symptomatic 

infectious individuals, Iasym;tot

I
 the total number of asymptomatic infectious 

individuals, Ntot

I
 the total number of circulating individuals and Rshields

I
 the  

number of recovered individuals who could serve as serological shields (which we 
define as those of ages between 20 and 59 years), given age classes a. The assumed  
model parameters used in the baseline models are presented in Supplementary 
Tables 1 and 2.

Varying the intensity of the outbreak R0
I

. Based on the parameters in 
Supplementary Tables 1 and 2, R0

I
 is calculated as a weighted average between 

the symptomatic and asymptomatic reproduction numbers, Rasym

I
 and Rsym

I
, 

respectively:

R0 ¼ pRasym þ ð1� pÞRsym

These can be further expanded based on age group to obtain

R0 ¼
X

a2AgeGroups
p að ÞfaRasym að Þ þ 1� p að Þð ÞfaRsym að Þ

where fa denotes the fraction of individuals in age class a, which yields a basic 
reproduction number of ~1.57 in the low scenario and 2.33 in the high scenario.

Initial conditions in the extended model. The baseline model assumes a 
population of 10,000,000 with age demographics as given in Supplementary Table 2 
unless stated otherwise. An initial outbreak is seeded in this population given one 
exposed individual in the 20–29 years age class. The simulation is run forward until 
10,000 people have been exposed to the virus (that is, 10,000 people are no longer 
in the susceptible states). We use this time point (which we denote time 0 in our 
simulations) as the time at which intervention policies might be applied. At this 
point, once 10,000 people have already been exposed, we simulate the dynamics 
forward either with or without the interventions.

Interaction substitution and demography. Demography has potential impacts 
on the spread and consequences of coronavirus and on the efficacy of intervention 
strategies. We evaluated the baseline model and shielding scenarios α = 2 and 
α = 20 given the age structure for the United States, that is, including 50 states, 
Washington DC and Puerto Rico. The states include significant variation in the 
fraction of the population that is over 60 years, ranging from less than 16% (Utah) 
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to above 28% (Maine). We observe a demographic dependence on the efficacy of 
shielding for both per capita cumulative deaths and per capita peak ICU demand, 
linked to the fraction of the population that is 60 years and above. The relationship 
is linear under both the low and high R0

I
 scenarios (Extended Data Fig. 3). 

Outcomes are better when the population has more younger individuals (given 
that age-stratified risk will favor improved outcomes for those who are infected). 
However, notably, shielding reduces the difference in outcomes; for example, 
whereas the cumulative deaths for Utah are 440 (400) less per 100,000 than 
Maine in the baseline case, they are only 210 (120) less per 100,000 than Maine 
in the α = 20 shielding case for the high (low) R0

I
 scenarios. Hence, demographic 

distributions that are relatively older will favor deployment of shields (in a relative 
sense). We note that, although we have treated state-level demographics uniformly, 
this result also points toward the benefits of shield immunity in areas with 
right-shifted age distributions as potential targets for intervention, with potential 
consequences for deployment of shields in other countries with right-shifted 
demographics (for example, Italy).

Variation with asymptomatic cases. We investigated the impact of asymptomatic 
transmission on the efficacy of immune shielding as an intervention. First, we fixed 
the intrinsic asymptomatic fraction p from 0.5 to 0.95 for scenarios corresponding 
to α = 0, 2 and 20 (Extended Data Fig. 4). Irrespective of the shielding preference α, 
increases in p reduce total deaths and ICU cases by ~90% when R0

I
 is constant and 

more than 90% when R0
I

 is a function of p, given variation from p = 0.5 to p = 0.95. 
We observed that the impact of immune shielding is higher at low p. Second, we 
considered the effects of age-dependent variation in the intrinsic asymptomatic 
fraction, p(a), by fixing the average p at 0.5, 0.75 and 0.9, given observations of 
increasing risk based on clinical outcome data from Wuhan, China29 (Extended 
Data Fig. 5). The impact of immune shielding is robust to observed age-specific 
variation p, that is, leading to significant decreases of projected deaths and ICU 
cases (Extended Data Fig. 6).

Impacts of waning immunity. We extended the core model to account for 
potential impacts of waning immunity by including explicit state-structured 
shield compartments consisting of newly recruited recovered individuals (H1) 
and late-stage recovered individuals that can revert to become susceptible (H2). In 
effect, the immunity duration was assumed to be gamma-distributed, after which 
recovered individuals become susceptible. This is a conservative assumption, 
given that individuals who lose immunity are likely to have less severe illness 
if re-infected (but could still pass on an infection to immunologically naive 
individuals). Extended Data Fig. 7 shows the outbreak dynamics for the high and 
low R0

I
 scenarios with an average immunity duration of two months. Immune 

shielding can still significantly reduce the number of deaths and the peak number 
of ICU beds needed for both scenarios, especially for the strong shielding case 
(α ¼ 20
I

). In Extended Data Fig. 8, we systematically explore how the cumulative 
deaths, maximum ICU beds needed and total number of cases depend on the 
immunity duration. The results show that the efficacy of immune shielding is 
robust to the duration of immunity, insofar as the duration of immunity persists on 
the order of multiple months (and not multiple weeks).

Optimized age-dependent immune shielding deployment. In the previous 
sections, we have assumed that shields (recovered individuals aged 20–59 years) 
were deployed such that they interact with people of all ages equally. In other 
words, all the susceptible individuals (across ages) have an infection rate that 
scales with Itot=ðNtot þ αRshieldsÞ

I
 such that the shields are uniformly interacting 

with all ages. In this section, we explore the outcome of having the shields act in 
positions where they could be more or less likely to interact with different age 
groups, that is, using the same effort as in the core model, then taking the αRshields

I
 

of effort but distributing it non-uniformly across ages. To explore the ‘optimized’ 
distributions of the shields effort, we introduce non-uniform shield interactions in 
the model. To do so, we modify the equations of S(a) and E(a) in the core  
model as follows:

dSðaÞ
dt ¼ �βa

SðaÞIasym;tot

NtotþαRshieldsðθa=faÞ � βs
SðaÞIsym;tot

NtotþαRshieldsðθa=faÞ
dEðaÞ
dt ¼ βa

SðaÞIasym;tot

NtotþαRshieldsðθa=faÞ þ βs
SðaÞIsym;tot

NtotþαRshieldsðθa=faÞ � γeEðaÞ

where fa is the fraction of the population of age a (fa are fixed parameters) and 
θa
I

 is the distributed shielding fraction of the subpopulation class of age a, which 
is how we distribute the shields to interact across different age classes (θa

I
 are the 

optimization variables). In addition, we define the ratio θa=fa
I

 as the age-dependent 
shielding concentration. When fa=θa ¼ 1

I
 for all ages a, the uniform shields 

interactions case is recovered; that is, we recover the core model. We note that 
Σaθa ¼ 1
I

, such that the effort is the same as in the core model, but allowing for 
asymmetric distribution across ages. For example, if 25% of the population has 
age a and receives 100% of the shield protection, then fa ¼ 0:25

I
 and θa ¼ 1

I
; this 

implies θa=fa ¼ 4
I

, that is, a fourfold boosted protection for that particular class.
The optimization objective is to minimize total deaths Dtotðtf Þ

I
, where tf is 

the final time of the simulation—one year after shielding begins, while keeping 
ICU beds less than the maximum carrying capacity B at every time instant. We 
seek to find the optimum distribution for deploying the effort of the serological 

shields. The non-uniform shielding fraction can be represented by a vector 
Θ ¼ ½θ1; :::; θ10
I

, and we aim to solve the following minimization problem:

min J ðΘÞ ¼
R tf
t0

Wi ´ dðItothcriðtÞÞ
zfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflffl{barrier function ðconstraintÞ

dt þ Wd ´Dtotðtf Þ
zfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflffl{costs of deaths

;

subject to
P10

a¼1 θa ¼ 1 ; θa ≥ 0 8 a ¼ 1; 2; :::; 10;

where Wi
I

 and Wd
I

 are weight regulators for infections that require hospitalization 
and for deaths, respectively. The barrier function d is chosen such that it  
increases the cost dramatically as the number of ICU beds in use approaches  
the capacity B of the system, to prevent overloading the healthcare system.  
To satisfy this property, we pick dðxÞ ¼ log 1

B�x

� �

I
. The barrier function goes  

to infinity as x approaches B from the left. Here, we consider the maximum 
capacity B as a ‘strict’ (or ‘hard’) constraint and any distributed shielding  
fraction Θ that leads to the ICU beds exceeding B is not considered a feasible 
shielding deployment. Given the simulation results shown in the main text,  
we set B as 200 ICU beds per 100,000 for the high scenario case and B = 80 ICU 
beds per 100,000 people for the low scenario case.

The optimization approach allows us to evaluate if it is possible to improve the 
effectiveness of serological shields by deploying them unevenly across a population. 
Moreover, the barrier function in the cost function is negative if IhcriðtÞ<B� 1

I
, 

which is a ‘reward’ if occupancy of the ICU beds is low. In practice, we set Wi
I

 to be 
arbitrarily small because it serves much like a constraint, for example, Wi ¼ 10�7

I
. 

We set Wd ¼ 1
I

 as minimizing deaths is the primary goal. The optimization 
problem is solved via a genetic algorithm41 using MATLAB’s built-in optimization 
function ga, with the maximum generation number (set to 30) serving as the 
stopping criterion42.

Extended Data Fig. 9 shows that an improved way of distributing shielding 
effort is to prioritize low, but non-zero, shielding of young and place increasing 
effort on shielding elderly members of the population (see Extended Data  
Fig. 10 for shielding concentrations). Using the optimized shielding deployment, 
the reduction in deaths (Dtotðtf Þ

I
) is substantial (~30%). The results suggest 

advantages of preferentially shielding those who are most at risk.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
Population demographics for US states were obtained from the publicly available 
United States Census Bureau for the year 201843.

Code availability
All simulation and figure codes used in the creation of this manuscript are available 
at https://github.com/WeitzGroup/covid_shield_immunity. The core model 
and extensions to consider the variation of asymptomatic to symptomatic cases, 
the impact of dual intervention of social distancing and serological shielding, 
the effects of waning immunity and age-dependent deployment of shields were 
simulated using MATLAB. Model simulations were numerically integrated using 
ODE4544,45 in MATLAB R2019a. The core model was reproduced in Julia46, and 
extended to look at the effect of different age demographics on disease severity 
and intervention efficacy. Epidemiological simulations were performed using a 4/5 
Runge–Kutta method47 implemented in the DifferentialEquations.jl package48. The 
core model was reproduced in R. Simulations were performed in R using the ode45 
method44 in the deSolve package49.
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Extended Data Fig. 1 | Impact of shielding mechanisms on final size outcomes in a SIR model. In each case, the epidemic size is plotted (on the y-axis) 
against the shielding strength, α (x-axis) given R0

I
= 2.5. The three curves denote shielding of recovered individuals by a factor of 1þ α

I
 (black) as 

described in the main text, a ‘flexible’ shielding mechanism where the total contact rate is constrained, but recovered individuals vary in their contact 
rates during the epidemic, and a ‘fixed’ shielding mechanism where the total contact rate is constrained, but recovered individuals have fixed contact rates 
during the epidemic. See Methods for details.
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Extended Data Fig. 2 | Model schematic. We consider a population susceptible individuals (S), interacting with infected (Isym, Iasym) and recovered (R) 
individuals. Interactions between susceptible and infectious individuals lead to new exposed cases (E). Exposed individuals undergo a period of latency 
before disease onset, which are symptomatic (Isym) or asymptomatic (Iasym). A subset of symptomatic individuals require hospitalization (Ih) which we 
further categorize as acute/subcritical (Ihsub

I
) and critical (Ihcri

I
) cases, the latter of which can be fatal. Individuals who recover can then mitigate the rate 

of new exposure cases by interaction substitution - what we denote as immune shielding - by modulating the rate of susceptible-infectious interactions 
by fasymðα; RÞ

I
 and fsymðα; RÞ

I
 respectively, where fasymðα; RÞ ¼ SðaÞIasym;tot

NtotþαRshields
I

. Here, the tot subscript denotes the total number of cases across all ages, that is 

Isym;tot ¼
P
a
IsymðaÞ

I

.
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Extended Data Fig. 3 | Impact of demography on the intervention benefits of immune shielding. Panels depict a high (a, b) and low (c, d) R0
I

scenario. 
States are ordered by fraction of population above 60 (x-axis) with the baseline, low and high shielding scenarios shown; labels of some but not all states 
are shown for clarity.
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Extended Data Fig. 4 | Impact of asymptomatic fraction and shielding on the total deaths and the peak ICu cases. Panels depict a constant R0
I

(low 
scenario panel a, high scenario panel b) and a dynamic R0

I
(panel c). The fraction of asymptomatic p is the same for all ages in the three panels. Shielding 

offers improvement to outcomes, particularly at lower asymptomatic fractions.
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Extended Data Fig. 5 | Age distribution assumptions of the asymptomatic fraction. The profiles of p correspond to three different average p: �p ¼ 0:5
I

, 
�p ¼ 0:75
I

, and �p ¼ 0:9
I

.
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Extended Data Fig. 6 | COVID-19 dynamics in a baseline case without interventions compared to two shielding scenarios and three asymptomatic 
fraction cases. The shield scenarios (α=0 and α=20) and three age-distributed asymptomatic fraction values (�p ¼ 0:5

I
, �p ¼ 0:75
I

 and �p ¼ 0:9
I

) are 
evaluated for both a high scenario (R0 ¼ 2:33

I
 – panel a) and low scenario (R0 ¼ 1:57

I
, panel b). The impact of immune shielding is robust to observed 

age-specific variation p, that is, leading to significant decreases of projected deaths and ICU cases.
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Extended Data Fig. 7 | COVID-19 dynamics given variation in immune duration. Panels denote simulations with high (a) and low (b) R0
I

 scenarios. 
We compared a baseline case without interventions to two shielding scenarios (α=2 and α=20) with a mean immunity duration of 2 months. Immune 
shielding can still significantly reduce the number of deaths and ICU beds needed for a finite immunity duration.
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Extended Data Fig. 8 | Comparing the effectiveness of shielding given variation in immunity duration. Simulations correspond to high (a) and low (b) 
R0
I

 scenarios. Shielding is effective at reducing epidemic burden compared to the baseline with no shielding for a wide range of immunity duration. When 
immunity lasts approximately 4 months or less, re-infection of recovered individuals leads to an increase in the number of deaths and total cases.
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Extended Data Fig. 9 | COVID-19 dynamics given optimized age-dependent shield deployment. Simulations in the two shielding scenarios (α=2 and 
α=20) are compared to the scenarios with optimized age-dependent shield deployment for the same values of α with the baseline case included for 
reference. The results are displayed for both high (a) and low (b) R0

I
 scenarios. The optimal deployment significantly reduces the total death count and 

the need for ICU beds for both α=2 and α=20.
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Extended Data Fig. 10 | Optimal shielding concentration for all age classes. Panels denote high (A) and low (B) R0
I

 scenarios. The optimal shielding 
concentrations (for both scenarios) are obtained via solving an optimization problem with low and high shielding levels (see Methods). The optimal 
shielding concentration (θa=fa

I
) is larger for classes with a higher age, which would reduce casualties as the older population is disproportionately affected 

by COVID-19.
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