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Supplementary Information
Our goal is to use the simplest possible ‘toy’ model of an infectious disease to illustrate how the proposed approach can reduce R0 in a population, and to gain insight about why this occurs. More detailed
models specific to COVID-19 (or any other infectious agent) could be developed in an analogous way
but the qualitative insights obtained here will likely remain unaltered.
We consider dividing the population into two groups or ‘employment bubbles’ and use Ai (t) to
denote the activity level of group i at time t. We take Ai (t) to be Ai (t) = 1 di (t) where di (t) is a measure
of social distancing, and is the fraction of potential contacts that is prevented by social distancing. One
of the simplest SIR models based on these assumptions is then
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where Ii is the number of people in group i that are infected, Si is the number of susceptible people
in group i, is the transmission rate upon contact, and is the rate of removal from the infected class
through both death and recovery. The idea behind this structure is that bubble membership is always
maintained, but individuals can potentially be infected by people from the opposite bubble if both
bubbles are ‘active’ at the same time. Specifically, individuals from bubble 1 and 2 come into contact
with one another at time t at a rate that is proportional to A1 (t)A2 (t). So if the bubbles have different
activity levels Ai (t) as a function of time then although within-bubble transmission will always occur,
between-bubble transmission can be reduced.
An ‘employment bubble’ strategy where the bubbles are temporally separated can now be examined
by choosing different functions for A1 (t) and A2 (t). The most relevant choices are to have both A1 (t)
and A2 (t) be the same periodic function, but with different phase. For a synchronous workforce they
are completely in phase and for a rotating workforce they are completely out of phase.

Analysis of R0
We use S0 to denote the total population density of susceptible individuals at time zero (with S0 /2 being
in each bubble). To define the next-generation matrix we first define the matrix
R
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Entry ij of M ( , ⌧ ) is the total production of type i infections by a type j, given the transmitting individual j has an infection that lasts for ⌧ units of time. Notice that each entry ij will also depend on
when, during the periodic activity level, this focal individual became infected. This time of infection of
the focal individual is denoted by and must be averaged over when computing R0 . The density of
is uniform, over the domain 0   T where T is the period of the activity level functions (e.g., T = 7
days if work rotations repeat every week).
The next generation matrix is then M ⇤ = E ,⌧ M where the expectation is over both , and over the
density of the length of time, ⌧ , that an infection lasts (which is exponential with parameter ). We then
have that R0 is the spectral radius of M ⇤ . This gives
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If we choose square waves for the activity level functions such that the activity level alternates
periodically between high H and low L then, after some calculation, we obtain
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• Single Workforce:
R0,single =
• Two-Bubble Workforce:
R0,two-bubble =
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where f is the fraction of the week during which people work, ⇢ = L2 /H 2 , and so 1 ⇢ is a measure of
the effectiveness of physical distancing. The above expressions for R0 are plotted in Figure 1 with 1 ⇢
on the horizontal axis. Complete shutdown has f = 0, while the 3 day work week has f = 3/7. The
2
baseline R0 = S0 H value is set at 2.6.
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I compare three different intervention strategies in terms of their effective reproduction numbers:
(1) a ‘synchronized’ shool/workforce intervention where everyone is active only a fraction of the time
but this is done synchronously, (2) a ‘rotating’ school/workforce intervention where again everyone is
active for the same fraction of time but now the times of two distinct cohorts are staggered, and (3)
mask wearing, where everyone is always active but a fraction of people where masks. Model details
are on the next page.
In this case, if R0 is the basic reproduction number, then it is possible to show that the following
effective reproduction number holds for all three interventions:
⇢1 ⇢¯2 + cov(⇢1 , ⇢2 )]
Reffective = R0 ⇥ [¯

where the ⇢’s represent different, analogous, quantities depending on the intervention, overbars denote
the mean value over the entire population, and ‘cov’ denotes the covariance taken over the entire population. Specifically, ⇢1 represents the fractional reduction in susceptibility achieved by staying at home in
the case of synchronized and rotating workforces, whereas it represents the fractional reduction in susceptibility achieved by wearing a mask in the mask intervention scenario. Likewise, ⇢2 represents the
fractional reduction in transmissibility achieved by staying home in the case of synchronized and rotating workforces, whereas it represents the fractional reduction in transmissibliity achieved by wearing
a mask in the mask intervention scenario. Presumably ⇢1 = ⇢2 and is small in the case of rotating and
synchronized interventions, whereas perhaps ⇢1 ⇡ 1 and ⇢2 small in the case of masks.
You can immediately draw some clear conclusions. In general, anything that reduces the mean
values of ⇢1 and ⇢2 will be beneficial. Likewise, anything that reduces the covariance between the two
will be beneficial. How to the different interventions compare in these two goals?
1. The effectiveness of staying home in preventing spread is probably greater than the effectiveness
of wearing a mask (i.e., ⇢i for rotational and synchronized interventions are probably smaller than
for masks). Therefore, if the uptake fraction of masks is the same as the fraction of time people
stay at home (which is a reasonable baseline for a fair comparison) then ⇢¯1 ⇢¯2 is probably smallest
for rotational and synchronized interventions. This therefore favours the use of rotational and
synchronized interventions.
2. The cov is zero for masks because, when any two people meet, there will tend to be no correlation
between their likelihoods of wearing a mask. This favours the use of masks. The cov for synchronized interventions will be large and positive since everyone is behaving in a synchronized
fashion. This works against the benefits of synchronized interventions. However, the cov for rotating intervention will tend to be close to zero. The reason is that, although within a cohort the
covariance will be positive (just as for a synchronized intervention), between cohorts the covariance will be negative (because individuals in different cohorts are active at ‘opposite’ times). So
on balance the overall covariance across the population might be expected to be near zero.
3. In sum, cohorting might be expected to have an advantage over masks *all else equal*. Of course
all else need not be equal. Also, using both together results in a multiplicative benefit.
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Model Details
For synchronized and rotating interventions I use the following simple model that divides the population into two cohorts. I use Ai (t) to denote the activity level of group i at time t. We take Ai (t) to be
Ai (t) = 1 di (t) where di (t) is a measure of social distancing, and is the fraction of potential contacts
that is prevented by social distancing.
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where Ii is the number of people in cohort i that are infected, S is the number of susceptible people,
is the transmission rate upon contact, and is the rate of removal from the infected class through both
death and recovery. The idea behind this structure is that cohort membership is always maintained,
but individuals can potentially be infected by people from the opposite cohort both cohorts are ‘active’
at the same time. Specifically, individuals from cohort 1 and 2 come into contact with one another
at time t at a rate that is proportional to A1 (t)A2 (t). So if the cohorts have different activity levels
Ai (t) as a function of time then although within-cohort transmission will always occur, between-cohort
transmission can be reduced. To makes things simple, we will take these Ai to be ‘square’ waves in the
case where things are changing temporally.
For the mask wearing intervention I use the very same model but with a single cohort that is always active. In this case Ai is a constant a represents the fraction by which either susceptibility or
transmission is reduced by mask wearing.

