
Model Description

Here we present a detailed description of the model used to simulate disease dynamics as briefly

outlined in the main text. The population size is N = 1 million, disaggregated by three demographic

cohorts G = {0− 19, 20− 64, 65+} of sizes N0−19 = 233, 000, N20−64 = 580, 000, N65+ = 187, 000

to resemble a subset of the United Kingdom demography structure [1].

Individuals who are susceptible (Sa) can acquire infection from infectious individuals and be-

come exposed (Ea,m) before progressing to the infectious compartments upon the completion of

the latent period. The model distinguishes between four infectious compartments per age cohort.

Infectious individuals can have either symptomatic infection with age-dependent probability da or

asymptomatic (IAa,m) infection without developing symptoms with probability 1−da. Symptomatic

infection is further subdivided into compartments for individuals who are symptomatic without

requiring hospital treatment (ISa,m) with age-dependent probability da(1 − ha), symptomatic who

will inevitably require hospital treatment (IPH
a,m) with probability daha or individuals in hospital

with severe disease (IHa ), who have progressed from the “pre-hospitalisation” compartment (IPH
a,m)

at rate γ. All infectious classes contribute towards pathogen transmission, with reduced levels of

infectiousness τ assumed for asymptomatic individuals in comparison to symptomatic individuals.

Additionally, it is assumed that individuals in the pre-hospital compartment carry the same con-

tact rate as individuals with general symptomatic infection, but hospitalised individuals are less

infectious by a factor ρ due to ward isolation. Individuals in hospital (who avoid disease-induced

mortality with age-dependent probability 1−µa) recover at a reduced rate δ < γ. The final consid-

eration to the model structure is to incorporate waning immunity and the possibility of reinfection.

Hence, a recovered class Ra,m is modelled explicitly where individuals progress to upon the com-

pletion of the infectious stages. Recovered individuals remain in the class until immunity wanes

at rates ω and they return to susceptibility, this rate is chosen to be sufficiently small as to not

overestimate the number of reinfections in the early stages of the outbreak. It should be noted

that once individuals return to the susceptible compartment, the probability of severe disease is

independent of previous infection status.

We apply the method of stages to ensure that the latent, infectious and recovered periods are

gamma distributed as opposed to exponentially distributed in the equivalent stochastic framework.

To enforce a latent period with a total length ϵ−1 which is approximately Erlang distributed, there

are M = 3 exposed compartments (Ea,1, Ea,2, Ea,3) for individuals who have been infected but

are not yet infectious. Similarly, there are M compartments each for asymptomatic infection,

symptomatic infection and recovery (IAa,m, ISa,m, IPH
a,m , Ra,m with m ∈ {1, 2, 3}) such that the rates

for leaving these classes γ−1 and ω−1 are Erlang distributed with shape M = 3 in the equivalent

stochastic framework. The exception is the hospitalisation stage which is constrained to a single

compartment IHa . The length of the hospitalisation period δ−1 would be exponentially distributed

if modelled explicitly. The length of stay in hospital follows a distribution which is approximately
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exponential and the choice of δ parameter was decided by fitting an exponential curve to this

distribution. Due to the short simulation timescales of this study (on the order of 2-3 years) and

the broad size of the age bins, the model does not account for natural births, deaths and ageing

between demographic cohorts. The model dynamics are governed by a set of coupled ordinary

differential equations (ODEs) for each demographic cohort a ∈ G, for M = 3 and m ∈ {2, 3}:

dSa

dt
= −Saλa

Na
+MωRa,M ,

dEa,1

dt
=

Saλa

Na
−MϵEa,1,

dEa,m

dt
= Mϵ(Ea,m−1 − Ea,m),

dIAa,1
dt

= Mϵ(1− da)Ea,M −MγIAa,1,

dIAa,m
dt

= Mγ(IAa,m−1 − IAa,m),

dISa,1
dt

= Mϵda(1− ha)Ea,M −MγISa,1,

dISa,m
dt

= Mγ(ISa,m−1 − ISa,m),

dIPH
a,1

dt
= MϵdahaEa,M −MγIPH

a,1 ,

dIPH
a,m

dt
= Mγ(IPH

a,m−1 − IPH
a,m),

dIHa
dt

= MγIPH
a,M − δIHa ,

dRa,1

dt
= Mγ(IAa,M + ISa,M ) + (1− µa)δI

H
a − MωRa,1,

dRa,m

dt
= Mω(Ra,m−1 −Ra,m).

(1)

Transmission occurs in accordance to the age-specific force of infection,

λa =
∑
b∈G

βba

( ∑
m∈{1,2,3}

(τIAb,m + ISb,m + IPH
b,m ) + ρIHb

)
. (2)

The parameter βba captures transmission from individuals in cohort b to individuals in cohort

a. Transmission is driven by an age-structured contact matrix π for the United Kingdom taken

from Prem et al. [2]. Each entry πij is an aggregation of the number of contacts with age group j

recorded by age group i.

π =

6.8045 4.0791 0.2121

1.9898 8.1466 0.55565

0.5221 3.4354 2.0034

 . (3)
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This matrix is scaled by a transmission factor Π = Π(R0) in order to obtain a transmission

matrix β such that the basic reproduction number will be R0 = 3.0 upon numerical evaluation

using the Next Generation Matrix (NGM) approach [3]. An interpretation of the transmission

factor is that 1/Π is the probability of a transmission event occurring given contact. The remaining

model parameters are fixed and their description and values are provided in Table A.

βij =
1

Π
πij . (4)

The implementation of a control intervention is modelled by adjusting all contact rates by the

intensity of the control state u(t) – equivalent to the relative reduction in transmission. This gives

time-dependent contact rates,

βij(t) = (1− u(t))βij . (5)

The age-specific parameters da, ha, µa in addition to the recovery rate from hospitalisation δ were

originally modelled as distributions by Keeling et al. [4], which are publicly available. To apply the

age-specific distributions to this study, they were aggregated from the original five-year age bands

G′ = {0−4, 5−9, . . . , 95−100, 100+} to match the three age cohortsG used in this study. By defining

subsets of the relevant age bands G′
0−19 = {0 − 4, . . . , 15 − 19}, G′

20−64 = {20 − 24, . . . , 60 − 64},
G′

65+ = {65− 69, . . . , 100+}, the probability of symptomatic infection da is computed as follows,

da =
∑
g∈G′

a

Ng,ad
′
g , a ∈ G, (6)

where Ng,a is the proportion of the population group a which reside in age group g (taken from [1])

and d′g is the original distribution for age bands G′ [4]. The same methodology is used to compute

ha, µa. The time spent in the hospitalised class (X, measured in days) is assumed to obey an

exponential distribution with mean 1/δ. The rate for leaving hospital δ is inferred by fitting the

cumulative distribution function FX(x) = 1− e−δx to the cumulative distribution time in hospital

distribution from Keeling et al. [4] using nonlinear least squares.
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Parameter Description Estimate Units Source

R0 Basic reproduction number 3.0 N/A Assumed

Π Transmission scaling for β 17.9241 N/A Computed

τ Relative asymptomatic infectiousness 0.25 N/A [4]

ρ Relative infectiousness of hospitalised individuals 0.1 N/A Assumed

ϵ Latency progression rate 1/5.28 days−1 [5]

d0−19 Probability of developing symptoms (age 0-19) 0.0275 N/A [4]

d20−64 Probability of developing symptoms (age 20-64) 0.1350 N/A [4]

d65+ Probability of developing symptoms (age 65+) 0.5374 N/A [4]

h0−19 Probability of hospitalisation given symptoms (age 0-19) 0.1268 N/A [4]

h20−64 Probability of hospitalisation given symptoms (age 20-64) 0.1173 N/A [4]

h65+ Probability of hospitalisation given symptoms (age 65+) 0.2430 N/A [4]

µ0−19 Probability of death given hospitalisation (age 0-19) 0.0276 N/A [4]

µ20−64 Probability of death given hospitalisation (age 20-64) 0.0533 N/A [4]

µ65+ Probability of death given hospitalisation (age 65+) 0.1935 N/A [4]

γ Recovery rate from infection (outside of hospital) 1/5 days−1 [6]

δ Recovery rate from hospitalisation 1/8.78 days−1 [4]

ω Waning immunity rate 1/800 days−1 Assumed

Table A: Disease parameters. Table of fixed parameters and their biological interpretation
in the mathematical model (1). Sensitivity to assumed parameters R0, ρ and ω are presented in
Figures D, E, I.

Sensitivity analysis

Here we present a sensitivity analysis to model simulations for each strategy under varying model

parameters. We vary the parameters γ, δ, τ , ρ, ω, R0 in addition to a severity scaling d̂ (such that

all age-specific probabilities of developing symptoms become scaled da → d̂da). Note that upon

adjusting each parameter (except when sensitivity to R0 is explicitly examined), the transmission

scaling parameter Π is adjusted to maintain a basic reproduction number of R0 = 3. Figures A

- G showcase varying simulation dynamics (grey) for each parameter in question, in comparison

to the trajectory used in the main manuscript and parameter values in Table A displayed in red.

In Figures H - J, the strategy costs are compared as each parameter is varied. Costs are divided

between the two key contributions in the objective function: Burden (cumulative hospitalisations)

and Stringency (cumulative intensity in interventions). Both costs are normalised against the worst

outcome across strategies for the same parameter value, such that the worst strategy always has

a normalised cost contribution of one. We find that varying biological parameters can lead to a

different outbreak trajectory for the same strategy as defined by the switching thresholds. However,
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the relative ranking of strategies in Burden and Stringency cost contributions is relatively consistent:

under most choices of parameter values the Rapid control strategy yields the greatest cost in disease

and the Suppression strategy yields the greatest cost in maintaining interventions.

Figure A: Sensitivity to biological parameters (γ). Sensitivity in simulation dynamics for
each control strategy (rows) in the scenario with no vaccination to varying select parameters γ ∈
{0.1, 0.12, . . . , 0.5} while keeping the remaining parameters fixed. Shown are the active hospitalised
individuals across all age cohorts IH(t) for each strategy (left), and cumulative hospitalisations
(right). Grey lines display the simulations under varying γ, with the red line representing the
dynamics in the main text using parameter values from Table A. In the active hospitalisations
subpanels, dashed lines are used to mark the values for switching thresholds Tij used to move for
control state i to control state j. The strategies appear in descending row order as follows: S1
(Cautious easing), S2 (Suppression), S3 (Slow control), S4 (Rapid control).
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Figure B: Sensitivity to biological parameters (δ). Sensitivity in simulation dynamics for
each control strategy (rows) in the scenario with no vaccination to varying select parameters
δ ∈ {0.05, 0.07, . . . , 0.25} while keeping the remaining parameters fixed. Shown are the active
hospitalised individuals across all age cohorts IH(t) for each strategy (left), and cumulative hospi-
talisations (right). Grey lines display the simulations under varying δ, with the red line representing
the dynamics in the main text using parameter values from Table A. In the active hospitalisations
subpanels, dashed lines are used to mark the values for switching thresholds Tij used to move for
control state i to control state j. The strategies appear in descending row order as follows: S1
(Cautious easing), S2 (Suppression), S3 (Slow control), S4 (Rapid control).
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Figure C: Sensitivity to biological parameters (τ). Sensitivity in simulation dynamics for
each control strategy (rows) in the scenario with no vaccination to varying select parameters τ ∈
{0.1, 0.13, . . . , 0.4} while keeping the remaining parameters fixed. Shown are the active hospitalised
individuals across all age cohorts IH(t) for each strategy (left), and cumulative hospitalisations
(right). Grey lines display the simulations under varying τ , with the red line representing the
dynamics in the main text using parameter values from Table A. In the active hospitalisations
subpanels, dashed lines are used to mark the values for switching thresholds Tij used to move for
control state i to control state j. The strategies appear in descending row order as follows: S1
(Cautious easing), S2 (Suppression), S3 (Slow control), S4 (Rapid control).
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Figure D: Sensitivity to biological parameters (ρ). Sensitivity in simulation dynamics for
each control strategy (rows) in the scenario with no vaccination to varying select parameters ρ ∈
{0, 0.02, . . . , 0.2} while keeping the remaining parameters fixed. Shown are the active hospitalised
individuals across all age cohorts IH(t) for each strategy (left), and cumulative hospitalisations
(right). Grey lines display the simulations under varying ρ, with the red line representing the
dynamics in the main text using parameter values from Table A. In the active hospitalisations
subpanels, dashed lines are used to mark the values for switching thresholds Tij used to move for
control state i to control state j. The strategies appear in descending row order as follows: S1
(Cautious easing), S2 (Suppression), S3 (Slow control), S4 (Rapid control).

8



Figure E: Sensitivity to biological parameters (ω). Sensitivity in simulation dynamics for
each control strategy (rows) in the scenario with no vaccination to varying select parameters
ω ∈ {0.0005, 0.00025, . . . , 0.003} while keeping the remaining parameters fixed. Shown are the
active hospitalised individuals across all age cohorts IH(t) for each strategy (left), and cumula-
tive hospitalisations (right). Grey lines display the simulations under varying ω, with the red line
representing the dynamics in the main text using parameter values from Table A. In the active
hospitalisations subpanels, dashed lines are used to mark the values for switching thresholds Tij

used to move for control state i to control state j. The strategies appear in descending row order
as follows: S1 (Cautious easing), S2 (Suppression), S3 (Slow control), S4 (Rapid control).
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Figure F: Sensitivity to biological parameters (R0). Sensitivity in simulation dynamics for
each control strategy (rows) in the scenario with no vaccination to varying select parameters R0 ∈
{2.0, 2.2, . . . , 4.0} while keeping the remaining parameters fixed. Shown are the active hospitalised
individuals across all age cohorts IH(t) for each strategy (left), and cumulative hospitalisations
(right). Grey lines display the simulations under varying R0, with the red line representing the
dynamics in the main text using parameter values from Table A. In the active hospitalisations
subpanels, dashed lines are used to mark the values for switching thresholds Tij used to move for
control state i to control state j. The strategies appear in descending row order as follows: S1
(Cautious easing), S2 (Suppression), S3 (Slow control), S4 (Rapid control).
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Figure G: Sensitivity to biological parameters (d̂). Sensitivity in simulation dynamics for
each control strategy (rows) in the scenario with no vaccination to varying select parameters d̂ ∈
{0.5, 0.6, . . . , 1.5} while keeping the remaining parameters fixed. This parameter d̂ represents a
severity scaling such that all age-specific probabilities of developing symptoms become scaled da →
d̂da. Shown are the active hospitalised individuals across all age cohorts IH(t) for each strategy
(left), and cumulative hospitalisations (right). Grey lines display the simulations under varying d̂,
with the red line representing the dynamics in the main text using parameter values from Table
A. In the active hospitalisations subpanels, dashed lines are used to mark the values for switching
thresholds Tij used to move for control state i to control state j. The strategies appear in descending
row order as follows: S1 (Cautious easing), S2 (Suppression), S3 (Slow control), S4 (Rapid control).
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Figure H: Sensitivity to biological parameters (γ, δ, τ). Sensitivity in strategy cost contri-
butions to varying select parameters γ, δ, τ (rows) while keeping the remaining parameters fixed.
Columns display the two key contributions in the objective function: cumulative hospitalisations
(left) and intensity of interventions (right), each normalised such that the worst strategy outcome
has a normalised cost contribution of one for each choice of model parameter.
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Figure I: Sensitivity to biological parameters (ρ, ω, R0). Sensitivity in strategy cost contri-
butions to varying select parameters ρ, ω, R0 (rows) while keeping the remaining parameters fixed.
Columns display the two key contributions in the objective function: cumulative hospitalisations
(left) and intensity of interventions (right), each normalised such that the worst strategy outcome
has a normalised cost contribution of one for each choice of model parameter.
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Figure J: Sensitivity to biological parameters (d̂). Sensitivity in strategy cost contributions
to varying select parameter d̂ while keeping the remaining parameters fixed. This parameter d̂
represents a severity scaling such that all age-specific probabilities of developing symptoms become
scaled da → d̂da. Columns display the two key contributions in the objective function: cumulative
hospitalisations (left) and intensity of interventions (right), each normalised such that the worst
strategy outcome has a normalised cost contribution of one for each choice of model parameter.
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