science.sciencemag.org/cgi/content/full/science.abe6959/DC1

AVAAAS

Supplementary Material for

Model-informed COVID-19 vaccine prioritization strategies by age and
serostatus

Kate M. Bubar*, Kyle Reinholt, Stephen M. Kissler, Marc Lipsitch, Sarah Cobey,
Yonatan H. Grad, Daniel B. Larremore*

*Corresponding author. E-mail: kate.bubar@colorado.edu (K.M.B.);
daniel.larremore@colorado.edu (D.B.L.)

Published 21 January 2021 as Science First Release
DOI: 10.1126/science.abe6959

This PDF file includes:

Materials and Methods
Supplementary Text
Figs. S1to S15

Tables S1 and S2
References

Other Supplementary Material for this manuscript includes the following:
(available at science.sciencemag.org/content/science.abe6959/DC1)

MDAR Reproducibility Checklist



Materials and Methods

Susceptible Exposed Infectious Recovered (SEIR) Model Overview

We used a continuous-time ordinary differential equations (ODE) compartmental model stratified by
age. Across all model variations and analyses, we simulated 365 days of dynamics, corresponding to
the first-year phase of vaccine prioritization. All individuals were assumed to be initially susceptible,
unless they had been effectively vaccinated or had naturally acquired immunity, which was considered
to be protective in this model. Susceptible people (S) transition to the exposed state (F) after contact
with an infectious individual. After a latent period, exposed individuals become infectious (I). After an
infectious period, individuals move to a recovered state (R) or die. We assume that recovered individuals
are no longer infectious and are immune to reinfection over the duration of simulations (up to 365 days).
The duration of time spent in compartments £ and I, in expectation, are specified in Table S1. Model
equations were solved using Isoda ODE solver from the package deSolve, R version 3.6.0 (55). Fig. S1
shows model schematic diagrams for the variations of the SEIR model considered in this manuscript.

The force of infection, \; for a susceptible individual in age group ¢ is

J

where u; is the probability of a successful transmission given contact with an infectious individual and
¢;j is the number of age-j individuals that an age-i individual contacts per day. The term (I; + I,; +
I.;)/(N; — ;) is the probability that a random age-j individual is infectious, where /; is the number of
individuals who are unvaccinated and infectious, I, is the number of individuals who are vaccinated yet
infectious, I; is the number of individuals who are ineligible for vaccination (e.g. due to hesitancy or
due to a positive serological test) and infectious, N is the total number of individuals in group j and €;
is the number of individuals from group j who have died. To calculate the basic reproductive number,
Ry, we define the next-generation matrix as

M = D,CDy,,

where D,, is a diagonal matrix with diagonal entries u;, C' is the country-specific contact matrix, and
Dy, is a diagonal matrix with diagonal entries d;, the infectious period. Ry is the absolute value of the
dominant eigenvalue of M. Age-stratified susceptibility values were drawn from literature estimates (/3).
Table S1 details all parameters used in this manuscript and their sources.

Incorporation of Vaccine Hesitancy

To incorporate vaccine hesitancy, we limited vaccine uptake such that at most 70% of any age group
was eligible to be vaccinated (24). To implement this restriction, 30% of each compartment for each age
group was initialized as ineligible for vaccination. These individuals were tracked using compartments
Sz, Er, I, and R, (Fig. S1). Initial conditions, inclusive of 30% vaccine hesitancy, are listed in Table S2.



Incorporation of Vaccination, Vaccine Rollout, and Vaccine Efficacy

In the simplest version of the model, the vaccine is assumed to be transmission- and infection- blocking,
and to work with variable efficacy. We considered two classes of scenarios. In the first class of scenarios,
vaccinations are given in advance of model dynamics, which we call pre-transmission vaccination. In
the second class of scenarios, vaccinations are rolled out at the same time as the model dynamics, which
we call continuous rollout vaccination.

In continuous rollout scenarios (Scenarios 1 and 2), vaccine rollout was parameterized by the percentage
of the total population that was vaccinated in each day of simulation, with values ranging from 0.05%
to 1% of total population (see Fig. S6). Scenarios 1 and 2 of the Main Text consider rollout speeds of
0.2% per day. The prescribed number of individuals received the effects of vaccination in simulations
prior to the start of each day, such that disease dynamics proceeded in continuous time while vaccine
rollout was computed in discrete steps. We did not include an explicit delay between vaccination and
protection, and therefore our approach may be thought of as either a model for a vaccine with immediate
protective effects, or as a model in which the time of protection is explicitly modeled and injections
are thus implicitly assumed to precede said protection. In continuous rollout scenarios, the model was
seeded with 0.25% of individuals in each age group exposed and 0.25% of individuals in each age group
infectious.

In pre-transmission vaccination scenarios (Scenario 3 and 4), all the available vaccines were distributed
at the initial time step, prior to the epidemic. To incorporate vaccinations, we initialized the model by
dividing the total population of each age group between the susceptible compartment (.5) and vaccinated
compartment (V or S,,), according to the vaccine prioritization strategy and number of vaccines available.
In pre-transmission vaccination scenarios, the model was seeded with one infectious person in I and
one infectious person in I, in each age group. Scenarios 3 and 4 of the Supplementary Text use pre-
transmission rollout.

We considered two ways to implement vaccine efficacy (ve): as an all-or-nothing vaccine, where the
vaccine provides perfect protection to a fraction ve of individuals who receive it, or as a leaky vaccine,
where all vaccinated individuals have reduced probability ve of infection after vaccination (see Supple-
mentary Text). We ran simulations with both types of vaccine efficacy; Figures in the Main Text show
results only for all-or-nothing vaccines.

To incorporate age-dependent vaccine efficacy, we parameterized the relationship between age and vac-
cine efficacy via an age-efficacy curve with (i) a baseline efficacy, an age at which efficacy begins to
decrease (hinge age), and a minimum vaccine efficacy ve,, for adults 80+ (Fig. 3A). We assumed that
ve is equal to the baseline value for all ages younger than the hinge age, then decreases stepwise in equal
increments for each decade to the specified minimum ve,,, for the 80+ age group. To determine whether
there exists a ve,, such that the mortality-minimizing strategy switches from directly vaccinating adults
60+ to an alternative strategy, we used the bisection method (56).

Incorporation of Existing Seroprevalence

To incorporate existing seroprevalence estimates and compare areas with differing naturally-acquired
immunity, we used data and seroprevalence estimates from Connecticut [low seroprevalence; (37)]



and New York City [moderate seroprevalence; (30)]. To model high seroprevalence, we simulated an
unmitigated epidemic with Ry = 2.6 until 40% cumulative incidence was reached. Seroprevalence
was implemented by moving the proportion of seropositive individuals from each age group into the
recovered compartment prior to forward simulations that incorporated vaccination.

The model’s implementation of vaccination depended on whether the vaccine was rolled out during on-
going transmission or prior to transmission. For pre-transmission vaccination without consideration of
serostatus, v; doses were given to each population group i, a fraction 8; of whom were already recovered.
Thus, the total number of individuals eligible for vaccination were S + R, assuming currentely infected
individuals do not seek vaccination. In scenarios where vaccination was targeted only at seronegative
individuals, simulations were conducted with sensitivity 70% and specificity 99%, incorporating the
performance of a hypothetical Euroimmun IgG test (35) and a 25% reduction in sensitivity due to serore-
version (32). Details of continuous vaccine rollout with dose redirection using an imperfect serological
test can be found in Supplementary Text.

Calibration to achieve target R

Models were calibrated to achieve the target Ry by multiplying the next-generation matrix by a constant
to achieve the desired dominant eigenvalue, i.e. Ry. Because the constant factors out of the next-
generation matrix equation, this may be mathematically interpreted as scaling up or down either the
contact rates C' or susceptibilities u. All model calibration was performed prior to the inclusion of
vaccination, meaning that the reproductive number R in the first days of a simulation may differ from R
depending on the scenario considered. Values of Iy studied ranged from 1.1 to 2.6. When incorporating
seroprevalence, calibration was performed after the inclusion of seroprevalence.

Measurement of outcomes: infections, deaths, and years of life lost

We ran simulations for 365 days from the date of the first vaccination to focus on the early prioritization
phase of the COVID-19 vaccination programs. To compare the impact of different vaccination priori-
tization strategies, we calculated the cumulative number of infections and deaths. Infected individuals
either move to the recovered or dead compartment, according to the age-dependent IFR (/9) (see Fig.
S1). The cumulative number of new infections since the onset of vaccine rollout is the total number
of recovered and dead at the end of the simulation minus the initial number of seropositive individuals,
> Ri+ Ryi + Ry + € — 0;N;. The total number of estimated deaths was the number of people in
the dead compartment at the end of the simulation. To calculate years of life lost (YLL) due to a death
at a particular age, we multiplied standard life expectancy (SLE) by the number of deaths per age bin.
We used the country-specific SLE estimates from the WHO Global Health Observatory (57), aggregated
into age bins by decade using Y LL; = % > ; Y LLj where j are the ages corresponding to decadal age
bin <.

Contact Matrices and Demographics

Country-specific contact matrices include four types of contact: home, work, school, and other (22). In
all simulations, we used total contact matrices, equivalent to the sums of the four contact types. Age
demographics in all simulations were taken from the UN World Population Prospects 2019 for each



country (23). Age bins in each case were originally provided in 5-year increments, which were then
combined into 10-year increments by addition. For instance, the number of individuals between 20 and
29 was the sum of individuals 20-24 and 25-29. The number of individuals 80 years and older was
calculated as the sum of all age bins greater than 80.

We made two adaptations to existing contact matrices (22). First, we combined their five year age bins
into ten year bins. Each entry z;; in the original matrices corresponds to the number of individuals of
age-group j that a person in age group ¢ typically comes into contact with. Thus, for a country with
population fraction d; in age group ¢, the combined contact matrix entries are given by

o doi(22i,25 + 2i2j+1) + d2it1(T2i41,2) + T2i41,2541)
= )
! da; + dait1

Second, we extrapolated matrices to include individuals 80+. To extrapolate, we copied the contact rates
from 70-79 y to our new row and column for 80+, along the diagonal. Then we filled in the end of
our new row and column with the 70-79 y contact rates with 0-9 y, assuming interactions with 0-9 y are
similar for people 70+. Lastly, to account for increased housing in long term living facilities for 80+ y, we
decreased their contacts for 0-60 y by 10% and added it to the 70 and 80 y contacts. Thus, 80+ year-olds
have the same total number of contacts as 70-79 year-olds, but relatively fewer among 0-69-year-olds
and proportionally more among 70+ year-olds.



A All-or-nothing model schematic
d;!

S

<]

di'(1~IFR) R vaccinated
v w/ protection

@
dr'(IFR)
a(l —se)  serotest -
a(sp) a(sp)
-1
y) dg d7\(1 = IFR) i
S E . R unvaccinated
d;'(IFR)
a(l —sp) a(l —sp) a(se) serotest +
.23

d7\(1 - IFR) * no vacc. (sero+)
Rx * no vacc. (refused)
+ vaccinated but

di'(IFR)

~|o

S
kN]

unprotected

di'(1 - IFR)
I R vaccinated
v v

dr\(IFR)
a(sp) a(sp) a(l —se)  serotest —

B  Leaky model schematic

g | u-ven dg'
v =)

-

=t
\]

d;'(1 = IFR)

Ev
A .
S E R unvaccinated
di'(IFR)
a(l —sp) a(l —sp) a(se) serotest +
2y

di'(1-IFR) R * no vacc. (sero+)
X *+ no vacc. (refused)

d;'(IFR)

1
kNj

O

C  Variable transmission blocking model schematic

m a7 m
Ev £ Iv = vaccinated
47 UFRY(1 = ve,)
“ O
d;! 471 - IFR
E E [ it ) unvaccinated

d7'(IFR)

di'(1 - IFR)
Rx no vacc. (refused)

di'(IFR)

oo

&)

Figure S1: Schematics for vaccine modeling framework. Diagrams show compartmental models and
transition rates for the (A) all-or-nothing, (B) leaky, and (C) variable transmission-blocking vaccine
models used in this manuscript. S, F, I, and R represent susceptible, exposed, infectious, and recovered
compartments; V' represents a perfectly protected and vaccinated compartment; subscripts of v and x
denote those who have been vaccinated with protection (v), and those who will either not be vaccinated
(vaccine refusal or positive serotest) or have been vaccinated but without protection (x). Grey unlabeled
compartments represent death. The incorporation of a point-of-care serological test can be included
by using known sensitivity se and specificity sp, or can be excluded by setting se = 0 and sp = 1
(a convenient mathematical representation of the no-test scenario is simply a test that always returns a
negative result). Vaccine rollout count «v is given by o = nyax/ [(S + E)sp + R(1 — se)] where ny,y is
the total number of vaccines to be rolled out in a particular day. All compartments are stratified by age,
in the text, with index ¢. See text for details and initial conditions.



Supplementary Text

SEIR Model Modifications

The flexible age-stratified SEIR model framework allowed us to model (i) leaky or all-or-nothing vac-
cine efficacy, (ii) variable rollout speeds, (iii) point-of-care reprioritization of vaccines using an imperfect
serological test, and (iv) the possibility of only partial transmission blocking effects, through straight-
forward modifications. The framework is shown in Fig. S1, and explicitly tracks individuals who were
vaccinated and protected, vaccinated but not protected (all-or-nothing model only), considered for vac-
cination but did not receive a dose due to a positive serological test, and those who were not vaccinated
or considered for vaccination. These four modes of operation are described in the subsections below.

Implementing vaccine efficacy: leaky vs all-or-nothing

A vaccine with imperfect efficacy can be modeled as either a “leaky” vaccine, where all vaccinated
individuals are ve protected against infection (Fig. STA), or an “all-or-nothing” vaccine, where a fraction
ve of vaccinated individuals are perfectly protected while the remaining 1 — ve individuals gain no
protection (Fig. S1B). We considered both model implementations of vaccine efficacy, showing results
for the all-or-nothing model in the Main Text and the leaky model in Supplementary Figures, as indicated
in figure captions.

Implementing variable vaccine rollout rate

We allowed vaccines to be distributed (or “rolled out”) at different rates by parameterizing the number of
vaccines available in each simulated day, ny,x. In each simulated day, exactly ny.x doses are distributed,
according to the prioritization strategy, prior to calculating new exposures, infections, and recoveries.
As a result, pre-transmission vaccination, in which all doses are used prior to SEIR dynamics, can be
implemented by setting ny,x equal to the total number of doses available. In all scenarios, when all doses
have been used, ny.x = 0 for all timesteps thereafter.

Implementing point-of-care dose redirection with imperfect serological tests

The modeling framework depicted in Fig. S1 allows for the point-of-care reprioritization of tests by using
the outcome of an imperfect serological test with sensitivity se and specificity sp. We assume that only
those who test negative receive a vaccine, but that this population may consist of true negatives from the
S or E compartments or false negatives from the R compartment. By tracking all such individuals, we
prevent the model from vaccinating the same person twice. Similarly, we assume that those who test
positive do not receive a vaccine at any point after testing positive. These include false positives from
the S and ' compartments and true positives from the R compartment.

The numbers of individuals who receive a vaccination each timestep, given a supply of ny,x to be allo-



cated in that timestep, are

Tvax
5= 5= (S+ E)sp+ R(1 — se)S(Sp)
Tlvax
F—FE,= E
~ (S+ E)sp+ R(1 — se) (sp)
R— R, = s R(1 — se) (S1)

(S+ E)sp+ R(1 — se)

while the numbers of individuals who are tested but are excluded from vaccination are

Tlyax
S — Sy = S(1-—
- (S+ E)sp+ R(1 — se) (1=sp)
Tvax
E—FE,= E(1 -
- (S+ E)sp+ R(1 — se) (1=sp)
R— R, = Phvax R(se) (S2)

(S+ E)sp+ R(1 — se)

How many more susceptible individuals get vaccinated when point-of-care reprioritization is used? This
can be computed a priori for pre-transmission rollouts in which a fraction 6; of individuals in subpopula-
tion ¢ are truly seropositive and thus treated as recovered. If we further assume no ongoing transmission,
then S = (1 — 6;) N (1 — vh) where vh is the fraction of each age group that is vaccine hesitant, and the
number of susceptible individuals vaccinated is

Thvax,i
’ 1- 7 )
(1 —Hi)sp—l—«%(l—se)( bi)sp

while the number of susceptible individuals vaccinated without point-of-care serology is
nvax,i(l - 0@) .

We note that vaccination without a serotest is equivalent to setting se = 0 and sp = 1, i.e. considering a
“test” that always returns a negative result. The relative increase in the number of individuals vaccinated

is thus sp

relative increase in susceptibles vaccinated =
P (1= 6;)sp + 6:(1 — se)

—-1. (S3)

Recent work suggests that seroprevalence decreases over time due to seroreversion (32). As a conse-
quence, Eq. S3 and the calculations used to derive it must be interpreted with care. If 6; represents the
current seroprevalence, Eq. (S3) may be used with the published sensitivity and specificity of a serologi-
cal test (e.g. 99% specificity and 96% sensitivity for the Euroimmun IgG (35)). However, if 6; represents
a past measurement of seroprevalence or an estimate of cumulative incidence, then the sensitivity of a test
to identify individuals with past exposure will be diminished, with estimates suggesting seroreversion of
27% of individuals over 3 months (32). To more conservatively estimate the impact of using serology for
dose redirection, a test with 70% sensitivity and 99% specificity in a population with a past measurement
of 25% seropositivity would lead to a 21.1% increase in susceptibles vaccinated. When vaccine rollout
is not pre-transmission, and instead continues alongside transmission, a priori calculations of this type
are not possible.



Implementing vaccines with imperfect transmission blocking

We considered a vaccine that prevents severe manifestations of COVID-19 infection, including death,
with 90% efficacy, but imperfectly blocks transmission of SARS-CoV-2 (Fig. S1C). To model such a
vaccine, we modify the leaky vaccine model by introducing three different mechanisms for vaccine
efficacy: veg is the efficacy of the vaccine to decrease susceptibility; ver is the efficacy of the vaccine to
decrease infectiousness; and vep is the efficacy of the vaccine to decrease the likelihood that the infection
progresses to severe disease and death.

In this model, the infectiousness of vaccinated individuals is decreased by a factor of 1 — ve;. Second,
the susceptibility of vaccinated individuals is decrease by a factor of 1 — veg. This results in a force of
infection for unvaccinated individuals of

L+ (1 —vepIV
=iy e N — Q. .
» AL

J

and a force of infection for vaccinated individuals of
)\i,V = (1 — ’Ueg))\i .

These values of \; replace previous values of \; for S — I transitions, and values of \; y- replace values
of (1 — ve)\; for Sy — Iy transitions (see Fig. S1). Finally, the fatality rate, conditioned on infection,
is multiplied by a factor of 1 — vep.

The impact of this variable-transmission blocking model on minimizing incidence and mortality are
shown in Supplementary Fig. S10 for veg = 0, vep = 90% and ve; = 0 — 100%. Note that when
veg = vey = 0, there are no indirect effects of vaccination. Finally, we note that when considering
a leaky vaccine with different effects on infection, transmission, and progression, the parameterization
could be accomplished in any of several ways. Ours makes the choice for simplicity to consider the
vaccine’s entire effect to be on infectiousness and progression.



Results for Pre-Transmission Vaccine Rollout

The governments and residents of New Zealand, Taiwan, and South Korea, among others, have been
dramatically more successful at mitigating the spread of SARS-CoV-2 than the rest of the world. As
a result, widespread vaccination is likely to occur prior to the reopening of external borders and the
relaxation of restrictions and testing of incoming travellers. To better model these particular scenarios,
we conducted additional analyses using pre-pandemic contact matrices but implemented vaccination
prior to the start of model dynamics. Here, we review our findings for such pre-transmission vaccination
with Ry = 1.5 (Scenario 3) and Ry = 2.6 (Scenario 4).

Of the five strategies, direct vaccination of adults over 60 years (60+) nearly always reduced mortality
and YLL more than the alternative strategies when transmission was high, across vaccine efficacies and
supplies (g = 2.6; Scenario 4. Fig. S5). Exceptions occurred only vaccine efficacy was 80% or higher
and supply was sufficient to cover over 45% of the population (Fig. S5). However, when transmission
was lower ([%p = 1.5; Scenario 3), prioritizing adults 20-49 most reduced mortality in a similarly broad
range of vaccine efficacies and supplies (Fig. S5).

Across countries, a general pattern emerged in which prioritization of adults 60+ was more often the
mortality-minimizing strategy when transmission was higher and adults 20-49 when transmission was
lower (Scenario 4 vs Scenario 3). However, for many vaccine supply levels and 90% vaccine efficacy,
the prioritization of adults 20+ was also optimal (Fig. S9).

Across all scenarios, vaccine supplies, efficacies, and values of Ry, the prioritization of adults 20-49
most reduced cumulative incidence in pre-transmission vaccination, with two exceptions. First, for high
transmission (Ry = 2.6; Scenario 4), vaccination of those under 20 was most effective when efficacy
was under 60%, a result restricted to the leaky vaccine model (Fig. S7). Second, for high transmission
(Ro = 2.6; Scenario 4), vaccination of those under 20 was most effective when transmission-blocking
efficacy was imperfect and vaccine supplies were low or moderate (Fig. S10).

Direct comparison of Scenario 2 (Ry = 1.5, rollout 0.2% per day) and Scenario 3 (Ry = 1.5, pre-
transmission vaccination) shows that the ability to vaccinate prior to transmission markedly changes
optimal strategies. These results were unaffected by modeling the vaccine as all-or-nothing (Fig. S5) or
leaky (Fig. S7), except that for vaccine efficacy below 60% and high transmission (Scenario 4), prioriti-
zation of those under 20 most reduced transmission.

In general, pre-transmission vaccination markedly reduced both mortality and transmission, and ex-
panded the vaccine supply and efficacy combinations for which prioritizing adults 20-49 most reduced
mortality and YLL across all investigated values of Ry (Fig. S8), and across countries (Fig. S9), relative
to mid-epidemic vaccine rollout.
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Figure S2: Example infection curves under varying vaccine supply and prioritization strategy. (A,
B) The percentage of the total population infected over time is shown during simulations with no vaccines
(grey dashed lines) and for five different prioritization strategies, with 10% (A) and 30% (B) vaccine
supply. (C, D) The percentage of the total population infected over time, stratified into the decadal age
groups used in simulations, are shown for both prioritized age groups (colored lines) and unvaccinated
age groups (grey lines), with 10% (C) and 30% (D) vaccine supply. Annotations indicate the age groups
targeted by each strategy and record the total reductions in infections after 365 simulated days. Shown:
contact patterns and demographics of the United States (22, 23); all-or-nothing and transmission blocking
vaccine, Ry = 1.5, ve = 90%, rollout speed 0.2% of the population per day. See Figs. S3 and S4 for
cumulative incidence and mortality curves.
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Figure S3: Example cumulative incidence curves under varying vaccine supply and prioritization
strategy. (A, B) The percentage of the total number of infections over time is shown during simulations
with no vaccines (grey dashed lines) and for five different prioritization strategies, with 10% (A) and
30% (B) vaccine supply. (C, D) The percentage of the total number of infections over time, stratified into
the decadal age groups used in simulations, are shown for both prioritized age groups (colored lines) and
unvaccinated age groups (grey lines), with 10% (C) and 30% (D) vaccine supply. Annotations indicate
the age groups targeted by each strategy and record the total reductions in infections after 365 simulated
days. Shown: contact patterns and demographics of the United States (22, 23); all-or-nothing and trans-
mission blocking vaccine, Ry = 1.5, vaccine efficacy=90%, rollout speed 0.2% of the population per
day. See Figs. S2 and S4 for infections and cumulative mortality curves.
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Figure S4: Example cumulative mortality curves under varying vaccine supply and prioritization
strategy. (A, B) The cumulative mortality as a percentage of the total population is shown during sim-
ulations with no vaccines (grey dashed lines) and for five different prioritization strategies, with 10%
(A) and 30% (B) vaccine supply. (C, D) The cumulative mortality as a percentage of the total popula-
tion, stratified into the decadal age groups used in simulations, are shown for both prioritized age groups
(colored lines) and unvaccinated age groups (grey lines), with 10% (C) and 30% (D) vaccine supply.
Annotations indicate the age groups targeted by each strategy and record the total reductions in infec-
tions after 365 simulated days. Shown: contact patterns and demographics of the United States (22, 23);
all-or-nothing and transmission blocking vaccine, Ry = 1.5, vaccine efficacy=90%, rollout speed 0.2%
of the population per day. See Fig. S2 and S3 for infections and cumulative incidence curves.
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Heatmaps show the prioritization strategies resulting in maximum reduction of infections (top row), mor-
tality (middle row), and years of life lost (bottom row) across Scenario 1 (0.2% rollout/day, Ry = 1.15;
left column), Scenario 2 (0.2% rollout/day, Ry = 1.5; left-middle column), Scenario 3 (pre-transmission
vaccination, Ry = 1.5; right-middle column), and Scenario 4 (pre-transmission vaccination, Ry = 2.6;
right column). Each heatmap shows results from simulations varying vaccine supply and vaccine efficacy
as indicated. Shown: contact patterns and demographics of the United States (22, 23); all-or nothing and
transmission blocking vaccine. See Fig. S7 for leaky vaccine results.
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Figure S6: Impact of rollout speed on maximum impact strategies. Heatmaps show the prioritization
strategies resulting in maximum reduction of infections (top row), mortality (middle row), and years of
life lost (bottom row) for Ry = 1.15 (left column) or Ry = 1.5 (right column). Each heatmap shows
results from simulations varying vaccine supply and the rollout speed of the vaccine, measured in the
percentage of the total population vaccinated per day. Shown: contact patterns and demographics of the
United States (22, 23); all-or nothing and transmission blocking vaccine, with vaccine efficacy = 90%.
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Figure S7: Impact of vaccine efficacy on maximum impact strategies (leaky vaccine). Heatmaps
show the prioritization strategies resulting in maximum reduction of infections (top row), mortality (mid-
dle row), and years of life lost (bottom row) across Scenario 1 (0.2% rollout/day, Ry = 1.15; left
column), Scenario 2 (0.2% rollout/day, Ry = 1.5; left-middle column), Scenario 3 (pre-transmission
vaccination, Ry = 1.5; right-middle column), and Scenario 4 (pre-transmission vaccination, Ry = 2.6;
right column). Each heatmap shows results from simulations varying vaccine supply and vaccine effi-
cacy as indicated. Shown: contact patterns and demographics of the United States (22, 23); leaky and
transmission blocking vaccine. See Fig. S5 for all-or-nothing vaccine results.
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Figure S8: Impact of reproductive number Ry on maximum impact strategies. Heatmaps show the
prioritization strategies resulting in maximum reduction of infections (top row), mortality (middle row),
and years of life lost (bottom row) for a continuous rollout scenario (0.2% rollout/day; left column) or
a pre-transmission rollout scenario (all doses administered prior to simulations; right column). Each
heatmap shows results from simulations varying vaccine supply and the basic reproductive number Ry.
Shown: contact patterns and demographics of the United States (22, 23); all-or nothing and transmission
blocking vaccine, with vaccine efficacy=90%.
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Figure S9: Impact of country demography and contact patterns on maximum impact strate-
gies. Heatmaps show the prioritization strategies resulting in maximum reduction of infections (top
row), mortality (middle row), and years of life lost (bottom row) across Scenario 1 (0.2% rollout/day,
Ry = 1.15; left column), Scenario 2 (0.2% rollout/day, Ry = 1.5; left-middle column), and Scenario 3
(pre-transmission vaccination, Ry = 1.5; right-middle column), and Scenario 4 (pre-transmission vacci-
nation, Ry = 2.6; right column). Each heatmap shows results from simulations varying vaccine supply
and the country whose demographics and contact patterns were modeled (22, 23). Shown: all-or-nothing
and transmission blocking vaccine, with vaccine efficacy=90%. POL, Poland; ZAF, South Africa; CHN,
China; BRA, Brazil; ZWE, Zimbabwe; ESP, Spain; IND, India; USA, United States of America; BEL,
Belgium.
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Figure S10: Impact of imperfect transmission-blocking effects on maximum impact strategies.

Heatmaps show the prioritization strategies resulting in maximum reduction of infections (top row), mor-
tality (middle row), and years of life lost (bottom row) across Scenario 1 (0.2% rollout/day, Ry = 1.15;
left column), Scenario 2 (0.2% rollout/day, Ry = 1.5; left-middle column), Scenario 3 (pre-transmission
vaccination, Ry = 1.5; right-middle column), and Scenario 4 (pre-transmission vaccination, Ry = 2.6;
right column). Each heatmap shows results from simulations varying vaccine supply and the vaccine’s
efficacy in blocking transmission vey as indicated. Because the bottom row of cumulative incidence plots
corresponds to a vaccine with 0% efficacy to reduce transmission, the row is grey indicated no maximum
impact prioritization. Shown: contact patterns and demographics of the United States (22, 23), for a vac-
cine with protective efficacy from severe disease vep = 0.9 and no efficacy for protection from infection
veg = 0. See Supplementary Text for modeling details.
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Figure S11: Impact of age-related decreases in vaccine efficacy on vaccine prioritization. Heatmaps
show that prioritization of adults 60+ to minimize mortality remains generally robust to large decreases
in vaccine efficacy among older adults. Each point shows the threshold value of vaccine efficacy among
adults 80+ at which prioritizing adults 60+ is no longer the best strategy to minimize mortality, if one
exists (yellow, orange, red), or indicates that none exists (grey). Parameter combinations for which
mortality is never minimized by prioritization of adults 60+ are also shown (black). Panels show com-
binations of the age at which immunosenescence begins (hinge age), total vaccine supply, and baseline
efficacy for continuous (0.2% per day, Ry = 1.5) and pre-transmission rollout scenarios with Ry = 2.6
for (A) Spain, (B) the United States, and (C) India, using an all-or-nothing vaccine model; (D) the United
States, using a leaky vaccine model.
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Figure S12: Effects of existing seropositivity on the impacts of prioritization strategies (low sero-
prevalence). Percent reductions in (A) infections, (B) deaths, and (C) years of life lost (YLL) for pri-
oritization strategies when existing age-stratified seroprevalence is incorporated (July 2020 estimates for
Connecticut; mean seroprevalence 3.4% (31)). Plots show reductions for Scenario 2 (2% rollout/day, re-
alized R = 1.5) when vaccines are given to all individuals (solid lines) or to only seronegatives (dashed
lines), inclusive of imperfect serotest sensitivity and specificity. Black dots indicate breakpoints at which
prioritized demographic groups have been 70% vaccinated, after which vaccines are distributed without
prioritization. Shown: contact patterns and demographics for the United States (22, 23); all-or-nothing
and transmission-blocking vaccine with vaccine efficacy=90%. See Figs. 4 and S13 for moderate and
higher seroprevalence examples, respectively.
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Figure S13: Effects of existing seropositivity on the impacts of prioritization strategies (high sero-
prevalence). Percent reductions in (A) infections, (B) deaths, and (C) years of life lost (YLL) for prior-
itization strategies when existing age-stratified seroprevalence is incorporated (model-generated; mean
seroprevalence 40.1%; see Methods) and intial conditions are set to the S, E, I, and R compartment
counts at the mid-outbreak time when seroprevalence reached 40.1%. Plots show reductions with 2%
rollout/day, Ry = 2.6, and realized R = 1.43 when vaccines are given to all individuals (solid lines) or to
only seronegatives (dashed lines), inclusive of imperfect serotest sensitivity and specificity. Black dots
indicate breakpoints at which prioritized demographic groups have been 70% vaccinated, after which
vaccines are distributed without prioritization. Shown: U.S. contact patterns and demographics (22, 23);
all-or-nothing and transmission-blocking vaccine with vaccine efficacy = 90%. See Figs. 4 and S12 for
moderate and lower seroprevalence examples, respectively.
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Figure S14: Impact of vaccine efficacy on maximum impact strategies (all-or-nothing vaccine;
constant susceptibility by age). Heatmaps show the prioritization strategies resulting in maximum
reduction of infections (top row), mortality (middle row), and years of life lost (bottom row) across Sce-
nario 1 (0.2% rollout/day, Ry = 1.15; left column), Scenario 2 (0.2% rollout/day, Ry = 1.5; left-middle
column), Scenario 3 (pre-transmission vaccination, Ry = 1.5; right-middle column), and Scenario 4
(pre-transmission vaccination, Ry = 2.6; right column). Each heatmap shows results from simula-
tions varying vaccine supply and vaccine efficacy as indicated, but unlike all other simulations in this
manuscript and its supplementary material, except Fig. S15, simulations use a constant susceptibility by
age Shown: contact patterns and demographics of the United States (22, 23); all-or nothing and trans-
mission blocking vaccine. See Fig. S15 for leaky vaccine results with constant susceptibility by age. See
Fig. S5 for all-or-nothing vaccine results with varying susceptibility by age.
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Figure S15: Impact of vaccine efficacy on maximum impact strategies (leaky vaccine; constant
susceptibility by age). Heatmaps show the prioritization strategies resulting in maximum reduction of
infections (top row), mortality (middle row), and years of life lost (bottom row) across Scenario 1 (0.2%
rollout/day, Ry = 1.15; left column), Scenario 2 (0.2% rollout/day, Ry = 1.5; left-middle column), Sce-
nario 3 (pre-transmission vaccination, iy = 1.5; right-middle column), and Scenario 4 (pre-transmission
vaccination, Ry = 2.6; right column). Each heatmap shows results from simulations varying vaccine
supply and vaccine efficacy as indicated, but unlike all other simulations in this manuscript and its sup-
plementary material, except Fig. S14, simulations use a constant susceptibility by age. Shown: contact
patterns and demographics of the United States (22, 23); leaky and transmission blocking vaccine. See
Fig. S14 for all-or-nothing vaccine results with constant susceptibility by age. See Fig. S7 for leaky
vaccine results with varying susceptibility by age.
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Supplementary Tables

Parameter | Description Value Reference
dp Latent period 3 days (13)
dr Infectious period 5 days (13)

. S [0.4,0.38, 0.79,
g 0.88,0.74, 0.74]
[0.001, 0.003, 0.01,
IFR Infection fatality rate 0.04, 0.12, 0.40, (19)
1.36, 4.55, 15.24]x
N; Number of people in country-specific demographic data (23)
’ age group % y-sp grap
New Yorks:
[32.0, 31.29, 24.9,
24.9,26.4,27.9,
. 25.75, 22.15, 20.7]
Percent of seropositive
0; o (30)
age-¢ individuals )
Connecticutsx:
[3.9,3.82,3.1,
3.1,3.1,3.7,
3.2,2.7,2.7]
Number of age-j individuals . .
) Country-specific contact matrix
Cij contacted by an age-i (22)
.. (home, work, school and other)
individual per day

Table S1: Summary of parameters used in modeling and simulation.

* To relate the IFR metaregression result from (19), logio(IFR) = —3.27 + 0.0524 * age to age bins by

decade, we computed IFR; = (3, IFR;)/10 where j are the ages (in years) corresponding to bin 4.

x* To relate NYC (30) and Connecticut (3/) seroprevalence estimates to age bins by decade, we com-

puted 0; = (3, 6;)/10 where j are the ages (in years) corresponding to bin 4.
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Pre-transmission rollout, | Pre-transmission rollout, .
IC* . Continuous rollout
all-or-nothing ve leaky ve
1;(0) 1 0.0025 N;(1 — vh)
I;(0) |1 0.0025 N; (vh)
E;(0) 0 0.0025 N;(1 — vh)
E,;(0) | 0 0.0025 N; (vh)
RZ(O) QZNz(l - ’Uh) - aiGiNi(l - Uh) QZNZ(l — Uh)
R, i(0) | a;0;N;(1 —vh)(1 — se) 0
Rx,l(O) QlNZ (Uh) + OZZQZNZ(l - vh)se Hle(vh)
SZ(O) S(l - Uh) - OéZS(]_ - ’Uh) (Nz - 0005Nl - QlNl)(l - Uh)
0 if leaky ve,
Syi(0) | NA a;S(1 — vh)(sp) else NA
0 if all-or-nothing ve,
Vi(0) a;S(1 — vh)ve(sp) NA else NA
S(vh)+
S:c,z(o) Ole(l — Uh)(l — Sp)— S<§,h1)—t (1 — (Nz — 0.005N; — HlNl)(vh)
a;S(1 —vh)(1 — ve)(sp) @id(1 = vh)(1 = sp)

Table S2: Initial conditions for simulations. Scenario initial conditions (ICs) for age group ¢ are
reported for scenarios considered in this manuscript. NA, Not Applicable; se, sensitivity; sp, speci-
ficity; vh, vaccine hesitant fraction. S = N; — I;(0) — I, ;(0) — 6;N;. The proportion of each age
group that is vaccine hesitant is denoted vh and not considered for vaccination. Vaccination rollout
a; = Nyax,i/ [(Si + Ei)sp+ Ri(1 — se)]. Note that modeling without targeting of seronegatives via
serological testing is equivalent to setting sp = 1 and se = 0.

* ICs for all other compartments not explicitly specified are 0.
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