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1. Materials and Methods

Understanding the transmission of SARS-CoV-2 is challenging. The available data are subject to
competing biases, such as dependence on case definition for testing and reporting, as well as being
influenced by capacity and logistical constraints. These factors are further complicated by the nature
of SARS-CoV-2 transmission, whereby a substantial proportion of infected individuals develop very
mild symptoms, or remain asymptomatic, but are nonetheless able to infect others (1). In this section,
we describe the data used in our analyses, give details on the dynamic transmission model, and
present the methods used for fitting the model to the various data sources, accounting for the
inherent biases in those data.

1.1 Data sources

Here we detail the datasets used to calibrate the model to the regional epidemics. We fitted our model
to time series data spanning 16th March 2020 to 2nd December 2020 (inclusive), using the data
available to us on 14th December 2020, by which point the effect of remaining reporting lags would
be minimal.

1.1.1 Hospital admissions and bed occupancy

We use healthcare data for each NHS region from the UK Government Dashboard (supplementary
data files: data_rtm.csv, columns: phe_admissions, phe_occupied, phe_patients) (2).

For admissions data, we use the daily number of confirmed COVID-19 patients admitted to hospital,
which includes people admitted to hospital who tested positive for COVID-19 in the 14 days prior to
admission and inpatients who tested positive in hospital after admission, with the latter being
reported as admitted on the day prior to their diagnosis.

For ICU bed occupancy, we use the daily number of (confirmed) COVID-19 patients in beds which are
capable of delivering mechanical ventilation.

For the occupancy in general (i.e. non-ICU) hospital beds, we use the daily number of confirmed
COVID-19 patients in hospital beds with ICU occupancy subtracted.

1.1.2 Deaths

We use the number of deaths by date of death for people who had a positive COVID-19 test result and
died within 28 days of their first positive test provided Public Health England. These can be found on
(2). We also use the number among these deaths occurring in hospital (as reported by NHS England)
and consider the remainder to have occurred in care homes. While non-hospital deaths may include
deaths in other settings, such as in private residences, comparison with ONS data suggests that care
home deaths from COVID-19 may also have been under-reported. As such we consider non-hospital
deaths to be an appropriate proxy for care home deaths, and do not expect the margin for under or
over- ascertainment to affect our conclusions. These data were provided by PHE and the data we have
been using is provided as a supplementary file (supplementary data file: data_rtm.csv, columns:
death2, death3) to allow reproducibility of our analysis.

1.1.3 Pillar 2 testing

We use pillar 2 testing data (see supplementary data files), which covers PCR testing for the general
population (as compared with pillar 1 testing, which mainly occurred in hospitals). Since such testing
was not available to the whole population for much of the spring wave of the pandemic, we only use
this data from June 1% onwards.
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We use the daily number of positives and negative tests by specimen date. Each individual who tested
positive was only counted once in the number of positives, on the specimen date of their first positive
test. Multiple negatives were allowed per individual, but the negatives of all individuals who ever
tested positive had been removed. We only consider PCR tests and thus exclude lateral flow tests,
which have been introduced recently in trials of population mass testing. We also only use pillar 2 data
for those aged 25 or over, to avoid bias resulting from increased testing of university students around
the reopening of (supplementary data file: data_rtm.csv,
pillar2_negatives_non_Ift_over25, pillar2_positives_over25).

universities columns:

1.1.4 Serology surveys

Serological survey data come from antibody testing by Public Health England of samples from healthy
adult blood donors, supplied by NHS Blood and Transplant (NHSBT) (supplementary data file:
data_serology.csv).

1.1.5 REACT-1 prevalence survey

We use the daily number of positives and negatives by specimen date from the first 7 rounds of the
REACT-1 (Real-time Assessment of Community Transmission) infection prevalence survey
(supplementary data file: data_rtm.csv, columns: react_positive, react_samples) (3). Note that results
published in REACT preprints use data aggregated using the administrative regions of England,
whereas for the purposes of this study the data has been aggregated using NHS regions. Additionally,
small changes can occur in the aggregated datasets that were published in real time because of
participant withdrawals and additional data cleaning.

1.1.6 Summary of the data used for calibration

hospital

Table S 1 details the datasets used to calibrate the model to the regional epidemics.
Table S 1: Data sources and definitions.
Data type Description Source Reference
Hospital deaths Daily number of COVID-19 PHE See data
deaths reported by NHS supplement. These
England within 28 days of a data underlie what
positive result is released on (2)
Care home deaths Daily number of COVID-19 PHE See data
deaths not reported by NHS supplement. These
England within 28 days of a data underlie what
positive result is released on (2)
ICU occupancy Daily number of confirmed Gov.uk (2)
COVID-19 patients in ICU Dashboard
General bed Daily number of confirmed Gov.uk (2)
occupancy COVID-19 patients in non-ICU Dashboard
beds
Admissions Daily number of confirmed Gov.uk (2)
COVID-19 patients admitted to Dashboard

DOI: https://doi.org/10.25561/85146

Page 4 of 48



22 December 2020

Imperial College COVID-19 response team

Pillar 2 testing Daily number of positive and PHE See data
negative PCR test results supplement. These
data underlie what
is released on (2)
REACT-1 testing Daily number of positive and REACT (3)
negative PCR test results
Serology Serology survey conducted on  PHE See data
blood donors aged 15-65 supplement, these
data are collected as
part of (4)
Patient progressionin Number of hospital admissions CHESS (5)

hospital

going down each treatment
route (e.g. ICU, stepdown
care) and length of stay in
each ward.
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1.1.7 Other data sources
1.1.7.1 Patient progression in hospital

The COVID-19 Hospitalisation in England Surveillance System (CHESS) data consists of a line list of daily
individual patient-level data on COVID-19 infection in persons requiring hospitalisation, including
demographic and clinical information on severity and outcomes. We use the individual dates of
progression through hospital wards, from admission to eventual death or discharge, to produce age-
stratified estimates of hospital progression parameters to be passed to the wider transmission model
(see Section 1.9.2 and (supplementary data file: support_progression.csv, support_severity.csv).

1.1.7.2 Demographic data

We use data from the Office for National Statistics (ONS (6)) to get the number of individuals in each
of the 17 age-groups, i.e. 16 five-year age bands (0-4, 5-9, ..., 75-79) and an 80+ group. We get the
number of care-home beds in England from (7) giving us the number of care-home beds for each NHS
regions. We then got an estimate of the total population of care-home residents in the UK from (8)
that we scaled down to the England population size, combined with the estimate of the total number
of beds in England, we derived a value of the total occupancy of care-homes of 74.2%. We assumed
that the occupancy is the same in all the NHS regions. Care-home residents are subtracted from the 4
oldest age group (5% from age 65-69, 5% age 70-74, 15% age 75-79 and 75% age 80+ (9)). We then
assume a 1:1 ratio of care-home residents to care-home workers and assume that the care-home
workers population is homogeneously distributed among the 25-65 population in the region.

The contact matrix between the 17 age-groups is based on the POLYMOD contact survey. See
parameterisation for more details (10).

1.2 Evidence synthesis

Figure S 1 shows the functional relationships between data sources, modelled outputs and parameters
in our study.
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Figure S 1: Graph showing the functional relationships between data sources (rectangles), modelled outputs (ovals) and parameters (hexagons).
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1.3 Model description

We developed a stochastic compartmental transmission-dynamic model incorporating hospital care
pathways to reconstruct the course of the COVID-19 epidemic in the seven NHS regions of England
(Figure S 2). All analyses were done by regions, and then aggregated somehow if needed (e.g. for
national IFR, or cumulative incidence). In the following description we do not mention any index
denoting the region and thus all notations refer to the same NHS region.

1.3.1 Stratification of population into groups

We divided each regional population into 19 strata, denoted by the superscript i, 17 strata
representing age groups within the general population, and two separate risk groups comprising care
home workers (CHW) and care home residents (CHR). The 17 age groups consisted of 16 five-year age
bands (0-4, 5-9, ..., 75-79) and an 80+ group. The total size of the care home worker and resident
groups were calculated assuming that 74.2% of available care home beds are occupied and there is a
1:1 carer to resident ratio (11). The care home workers were then split equally between all 8 age
categories in the range 25 — 64-year-old and removed from the corresponding age categories in the
general population. Despite the care-home workers being removed from all age categories in the
range 25 — 64-year-old, they care-home workers are assumed to constitute one single group in our
model for simplicity. The care home residents were drawn from the 65+ year old general population,
such that 5% were aged 65-69, 5% aged 70-74, 15% aged 75-79 and 75% aged 80+ (9) and similarly
removed from the corresponding age groups in the general population. Again, similarly to care-home
workers they do constitute a single group in our model. We thus do not capture specific transmission
dynamics within each care home, but rather an average mixing between residents and workers in the
regional care home sector as a whole.

1.3.2 Progression of infection and hospitalisation

Prior to the importation of COVID-19, all individuals were assumed equally susceptible to infection (S).
Upon infection, individuals pass through a latent period (E) before becoming infectious. A proportion
(pc) of infectious individuals develop symptoms (I) while the rest remain asymptomatic (I4). All
asymptomatic individuals are assumed to recover naturally. Those with symptoms may also recover
naturally (R), however a proportion (p,i,, age/care home-dependant as indicated by the i superscript)
develop severe disease requiring hospitalisation. Of these, a proportion (péD) die at home without
receiving hospital care. In practice this proportion is set to zero except among care home residents.
Of the patients who are admitted to hospital, a proportion (p*(t)) have their COVID-19 diagnoses
confirmed prior to admission, while the remainder may be diagnosed during their inpatient stay. All
hospital compartments are divided between suspected (but not yet confirmed) and confirmed
diagnoses (indicated by superscript *). A proportion (p,iCU(t)) of new hospital admissions are triaged
(ICUy,) before admission to the intensive care unit (ICU), where a fraction (p,iCUD (t)) die; those who
do not die get out of ICU to a ward (W) where a proportion (p{;VD (t)) die, while the remainder recover,
following an inpatient care stepdown period. Inpatients not triaged to the ICU are assigned to general
hospital beds (H), where a proportion (p,i,D (t)) die, while the remainder recover. Recovered
individuals are assumed to be immune to reinfection for at least the duration of the simulation.
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In addition, there are two parallel flows which we use for fitting to testing data: (i) for PCR positivity
and (ii) for seropositivity. Upon infection, an individual enters the PCR flow in a pre-positivity
compartment (TPCRpTe) before moving into the PCR positivity compartment (TPCRpos) and then
ultimately into the PCR negativity compartment (TPCRneg)' Meanwhile, individuals move into the

seropositivity flow upon becoming infectious, entering first into a pre-seropositivity compartment
(Tseropre)- A proportion of individuals (pseropos) then seroconvert and move into the seropositivity

compartment (Tseropos)r while the remainder move into the seronegativity compartment (Tseroneg).

We calibrated the duration distributions for each hospital compartment, and the age-stratified
probabilities of moving between compartments, using the analysis of individual-level patient data
(presented below in Section 1.9.2). The required Erlang distributional form was achieved within the
constraints of the modelling framework by splitting each model compartment into k sequential sub-
compartments (Table S 2).

Susceptible 1

o X Pe - "
O Infectious ~ 1, »
O Non-infectious 1-p), R
O Immune
J
Deaths . Hospital
Unconfirmed Pl (1) [ ™
g 1-picu(t) HD |
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e ]
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Figure S 2: Model structure flow diagram with rates of transition between infection states. Variable names
defined in text.
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Table S 2: Description of model compartments and distribution of time spent in each. For each named
compartment, we give the associated duration. Due to the Markovian structure these are model Erlang-like
distributions with k; the number of exponential-like compartments and y; the rate of the exponential-like

compartment. ]E[rj] gives the mean duration in days spent in the corresponding compartment. The structure
and duration of each stage was assumed to be the same for unconfirmed and confirmed cases in hospital (see
Figure S2). For length of stays related to hospital pathways, more detail is given in section 1.9.2.

Compartment Description Duration (days) Source
tj~Erlang (k;,y;. [E[T].] = k;j/v;
kj )/] (95% C/)
S Susceptible to Determined by transmission dynamics
infection
E Latent infection 2 044 4.6 (0.6, 12.8) Lauer et al.(12)
I, Asymptomatic 1 048 2.1(0.1,7.7) Bi et al.(13)
infection
I, Symptomatic 1 0.25 4.0 (0.1, 14.8) Docherty et
infection al.(14)
Gp Severeillness 2 040 5.0 Bernabeu-Wittel
leading to death in et al. (15)
the general
population
Hp Hospitalised on 1 0.09 10.7(0.3,39.4) Fitted to CHESS
general ward
leading to recovery
H; Hospitalised on 2 019 10.3(1.3,28.8) Fitted to CHESS
general ward
leading to death
ICUpre Triage to ICU 1 0.40 2.5(0.1,9.2) Fitted to CHESS
IICUwR Hospitalised in ICU, 1 0.06 15.6(0.4,57.6) Fitted to CHESS
leading to recovery
IICUwD Hospitalised in ICU, 1 0.14 7.0(0.2,25.7) Fitted to CHESS
leading to death in
step-down following
ICU
Ijcy, Hospitalisedin ICU, 2 0.17 11.8(1.4,32.9)  Fitted to CHESS
leading to death
Wy Stepdown recovery 2 016 12.2(1.5,34.0) Fitted to CHESS

period after leaving
ICU

DOI: https://doi.org/10.25561/85146

Page 10 of 48



22 December 2020 Imperial College COVID-19 response team

Wp Stepdown period 1 0.12 8.1(0.2,29.7) Fitted to CHESS
before death after
leaving ICU

R Recovered - - - -

Thr& Pre-PCR positive 1 033 3.0(01,11.1) Omaretal.(16)
THS®  True PCR positive 1 0.06 17.5(0.4,64.5) -
TPCR - True PCR negative - - -

Ty’ Pre-seroconversion 1 0.08 13.0(0.3,48.0) Bennyetal. (17)

T35 True seropositive - - -

T34 True seronegative - - -

Values of fitted parameters are set out in Table S 6.

1.3.3 Progression of infection and hospitalisation
The force of infection, AX(t), for individuals in group i € {[0,5), ..., [75,80), [80 +), CHW, CHR}

depends on time-varying social mixing between age groups and prevalence in all age/care home
groups:

Ai(e) = Zmi,j@)n,-(t) (1)
]

where mi,j(t) is the (symmetric) time-varying person-to-person transmission rate from group j to
group i, and I; (¢) is the number of infectious individuals in group j, given by:

() = 1(®) + 1L(®) (2)

Broadly, to parameterise m; ;(t), we informed mixing in the general population, and between the
general population and care home workers using POLYMOD (10) via the R package socialmixr using
age-structured regional demography (18).

Transmission between different age groups (i, j) € {[0,5), ..., [75,80), [80 +)}? was parameterised as
follows:

m; ;j(t) = B(t)c;; (3)
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Here c; ; is the (symmetric) person-to-person contact rate between age group i and j, derived from
pre-pandemic data (10). B(t) is the time-varying transmission rate which encompasses both changes
over time in transmission efficiency (e.g. due to temperature) and temporal changes in the overall
level of contacts in the population (due to changes in policy and behaviours).

We assumed S (t) to be piecewise linear:

ﬁlt’__t E—t,, ift<t
Bt) ={ ———Bi +———pB;, ift,<t<t, i=2..,13 (4)
G —tiq ti —ti—q it >t
13
P13,

with 12 change points t; corresponding to major announcements and changes in COVID-19 related
policy, as detailed in Table S 3.

Table S 3: Changepoints for 5(t)

Changepoint Value of (1) at Date Description
changepoint

ty B1 16/03/20 PM makes speech advising working

from home, against non-essential

travel (19)

t, Ba 23/03/20 PM announces lockdown 1 (20)

t3 B3 25/03/20 Lockdown 1 into full effect (21)

ty Ba 11/05/20 Initial easing of lockdown 1 (22)

ts Bs 15/06/20 Non-essential shops can re-open

(23)

te Be 04/07/20 Restaurants, pubs etc can re-open

(24)

t; B 03/08/20 “Eat out to help out” scheme starts

(25)

tg Bs 01/09/20 Schools and universities re-open

(26)

tg Bo 14/09/20 “Rule of six” introduced (27)

t1o B1o 14/10/20 Tiered system introduced (28)

t11 B11 31/10/20 Lockdown 2 announced (29)

ti2 B12 05/11/20 Lockdown 2 starts (29)
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The contact matrix ¢; ; between different age groups (i, ) € {[0,5), ..., [75,80), [80 +)}? is derived
from the POLYMOD survey (10) for the United Kingdom using the socialmixr package (18,30), scaling
by the local population demography to yield the required person-to-person daily contact rate matrix.

We defined parameters representing transmission rates within care homes (between and among
workers and residents), which were assumed to be constant over time. Parameter mcyy, represents
the person-to-person transmission rate among care home workers and between care home workers
and residents; mcyp represents the person-to-person transmission rate among care home residents.
Hence,

Menw,caw (£) = Mepw cur(€) = Mepw (5)
Mcpr,cur(t) = Mepr (6)

Transmission between the general population and care home workers was assumed to be similar to
that within the general population, accounting for the average age of care home workers, with, for
i €{[0,5), ...,[75,80), [80 +)},

m; cuw (t) = B(O)C; caw (7)

where ¢; cyy is the mean of ¢; 2530, Ci[30,35), -+ Ci[60,65) (i-€. Of the age groups that the care home
workers are drawn from).

Transmission between the general population and care home residents was assumed to be similar to
that between the general population and the 80+ age group, adjusted by a reduction factor (€, which
was estimated), such that, for i € {[0,5), ...,[75,80), [80 +)},

m; cyr(t) = €B(t)cigo+ (8)

These represent contact between visitors from the general community and care home residents. This
might involve a slightly different age profile than the age profile of the contact made by people in the
80+ age group.

1.3.4 Age-varying and time-varying infection progression probabilities

Various probabilities of clinical progression within the model are assumed to vary across age groups
to account for severity of infection varying with age, and some are assumed to vary in time in order
to model improvements in clinical outcomes, such as those achieved through the use of
dexamethasone (31).

Two probabilities are age-varying but not time-varying, the probability of admission to hospital for
symptomatic cases, and the probability of death for severe symptomatic cases in care homes. These
were modelled as follows:

ply = phpme (9)
L, =We,pe (10)

max

where for probability p)i(, px " is the maximum across all groups and 1/);‘} is the age scaling such that

1,[)}'( = 1 for the group corresponding to the maximum, against which all other groups are scaled.
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As well as varying with age, four probabilities also vary with time: the probability of admission to ICU
for hospitalised cases, the probability of death in ICU, the probability of death for hospitalised cases
not admitted to ICU, and the probability of death in hospital after discharge from ICU:

Pley(®) = 'ul’licup?é‘lljxh(llmu' t)
pIiCUD @ = lpIiCUDpyéCIlj;h(#D: t)
iy () = Wil h(up, )

P, (©) = Yiy, P h(up, t)

where here for probability pk, pF***gives the maximum initial value across groups and h(u,t) = 1
before April 1%, h(u, t) = p < 1 after June 1%, with a linear reduction in between.

Care home residents with severe disease leading to death are assumed to remain in compartment G
for 5 days on average before dying (modelled with kGD =2andyg, = 0.4), 95% range 0.6-13.9 days
broadly consistent with durations in (15) and with duration about half the length observed in hospital
streams (see Figure S 5).

For care home workers, the age scaling w)C(HW is taken as the mean of the age scalings 1/))i( fori e

{[25,30),[30,35), ..., [60,65)}. For care home residents, we assume that A% = )[(80+), with the

exception of the probability of individual with severe disease requiring hospitalisation dying at home
(without receiving hospital care), where we assume ¢ggR =1 and 1,béD = 0 for all other groups, to

effectively allow death outside hospital only for care home residents.

1.4 Reproduction number R; and effective reproduction number Rfff

We calculated the reproduction number over time, R;, and effective reproduction number over time,
Rfff, using next generation matrix methods (32). The reproduction numbers are calculated for the
general population, i.e. excluding care home workers and residents. We define R; as the average
number of secondary infections a case infected at time t would generate in a large entirely susceptible
population, and Rfff as the average number of secondary infections generated by a case infected at

time t would accounting for the finite population size and potential immunity in the population.
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To compute the next generation matrix, we calculated the mean duration of infectiousness 4, as

Ay =(01- PC)E[TIA] + PCE[TIC] (15)

where parameter and model compartment notations are defined in Table S 2 - Table S 8.

For this calculation, the expected durations of stay in compartments were adjusted to account for the
discrete-time nature of the model, via calculating the expected number of time-steps (of length dt)
spent in a given compartment. Note that if in continuous-time a compartment duration is
t~Erlang (k, y), then the corresponding discrete-time mean duration is:

k dt

E[T] = (1 _ e‘th) (16)

The next generation matrix was calculated as, for (i, j) € {[0,5), ..., [75,80), [80 +)}?,

NGM;;(t) = my;(£)A,N° (17)

where N is the total population of group i and R, is taken to be the dominant eigenvalue of NGM(t),
while the effective next generation matrix was calculated as:

NGM;/ (6) = my;(OA,5'(©) (18)

with Rteff taken to be the dominant eigenvalue of NGM¢// (¢).

1.5 Infection severity

Posterior estimates of severity, namely the infection hospitalisation and infection fatality ratios, were
calculated in each group i as follows:

IHR" = pcpi(1 —pé,) (19)
= peph (b, + (1= Ply) (Phcu(® (pheun (O + (1= plew, Ol ) +

IFRE(t) . .
(1 - Plew @)k, )}

(20)

Note that for simplicity the notation we use do refer explicitly to the NHS region of interest. We
calculated age-aggregated estimates for each region by weighting the age-specific severity estimates
by the cumulative incidence in that age group. Aggregate estimates for England were then calculated
by weighting the region-specific estimates by the regional attack rates.
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1.6 Compartmental model equations

To clearly illustrate the model dynamics, we describe a deterministic version of the model in
differential equations (21)-(56), followed by the stochastic implementation used in the analysis. Each
compartment is stratified by mixing category i€ {[0,5),...,[75,80),[80 +), CHW,CHR}. Full
definitions of compartments and model parameters are set out in Table S 2 - Table S 8.

dsi(t)/dt = —2AL(t)SH(t) (21)
dEY(t)/dt = AH(t)S'(t) — ygEYL () (22)
dEY2(t)/dt = ygE"'(t) — ygEY2 () (23)

dIi()/dt = (1= pyeE"* () — vali(t) (24)

dit(t)/dt = pcygE(6) — yelks (D) (25)
Gy (0)/dt = pipé,Ycle(®) = ¥e,Gp' (6) (26)
dGEA()/dt =y, G5 (t) = v6, G5 (t) (27)

dICU(B)/dt = ply(1 = pk,) (1= p"(©) plcu©® veli® = (Vicu,y, + Yo ) ICUre(®) (28)
dICU,,o-(®)/dt = ply(1 =P, )P (©) Picy (OVCIE®) = Vicu,, CUre () + Yyl CULre (6) (29)
dICUy (©)/dt = (1 = plcyy (O) (L = Plrp O icu, JCUse® = (Vicuy, +¥0) ICUy, (©) (30)
dIcu},  (6)/dt =(1 _ipIiCUD ®)(1 - iy, (t))yICUprEICUzi)re*(t) - YICUWRICU{;VR* )+ (31)
YulCUy (t)
diCUy, (©)/dt = (1 = Ployy (O)Plyy (OVicuye [ CURre ) = (Vicuy, + Yu ) ICUy, (©) (32)
dICUy  (©)/dt = (1 = Py, (0P, (OVicu,,e [ CUprer () = Vicuy, ICUy,. (8) + YyICU, () (33)
dICUli)’l(t)/dt = pIiCUD (t)YICUpreICUIL;re ) — (YICUD + VU)ICUfjl(t) (34)
dICURZ(t)/dt = VICUDICUzi)'l(t) ~ (Yicup + VU)ICUzi)'Z(t) (35)
dICULH () /dt = Plcup OVicuyel CUpres () = Vicu, ICURH (8) + yyICUL (£) (36)
dICUSZ(®)/dt = Vicu, ICUS(E) — Vicu, ICUSE (£) + vy ICUS(t) (37)
AW (©)/dt = Vicuy, ICU, (©) = (rw, + vu) W (©) (38)
AW (@©)/dt = Yw,Wa™ (©) = (Ywy +v0)We™ (O (39)
AWEL(D)/dt = Vicuy, ICU . () = Y W (8) + yu Wi (£) (40)
AW (©)/dt = v W E) = Vi Wi () + yu Wi (©) (41)
AWE)/dt = Vicuy, [CU, (©) = (yw, + o) W5(0) (42)
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AW} (t)/dt = Yicuy, ICUW,.(O) = Yw, Wp-(t) + yuWi(t)

=ph(1—pE,) (1 =" ®))(1 = picu(®)(1 = Pl O)vele @ = (Yug +

WM o
antoyyae P Pop)p O =iy @)1 =Py (0] Yele (O + YuHi(®) =
YugHg-(£)

dHg (0)/dt = ph(1 = pE,) (1 = p"(O)(1 = picyO)ph, OVIE®) = (vu, +vu)Hp (©)
dH?(t)/dt = Y, Hp' (6) = (v, + vu)Hp (D)
dHt(t)/dt = ply(1 = pk, )p* (1 = Pleu(©))ph, () veIe(®) + vy Hp (O = v, Hpt (©)
dHEE(6)/dt = yu Hit () — v  HE2 (6) + yy HE ()
dRI(D)/dt = Yal§©+ (1= Pl )yl + Vi (HE () + H-(O) + v, (WD + WL (©)
ATdor0pye (/A = YEEY2(£) = Vieropye Teeropre (t)
ATderoyos (D)/AE = DseropesVseropre Thcryre ()
dTSierOneg (B)/dt = (1 - pseropos) Yseropre T;CRpre ®)
dT1£CR,,Te ®)/dt = 2()S'(t) - VPCRpreTFi’CRpre ®)
dT}éCRPOS ®)/dt = VPCRpTeT}l;CRWe () - VPCR,,OST1§CRPOS ®)

degczzneg (@)/dt = Ypcry,, T1§CRPOS (t)

We used the tau-leap method (33) to create a stochastic, time-discretised version of the model
described in equations (60-(164), taking four update steps per day. The process was initialised with
ten asymptomatic infectious individuals aged 15-19 on the epidemic start date t,, a parameter we
estimate. For each time step, the model iterated through the procedure described below. In the
following, we introduce a small abuse of notation: for transitions involving multiple onward
compartments (e.g transition from compartment E to compartments I, or 1), for conciseness, we
write

(dé’,A, d};_lc) ~ Multinom (E“2(¢), qu_,A, qé_,c )
instead of
(dé,IA' dli?,lcr d;'wmove ) ~ Multinom (Ei'z (t): qll'E',IAr qlis,lc: 1- ZxE{IA,IC} qg,x )

where d} o move is @ dummy variable counting the number of individuals remaining in compartment
E'2.

Using this convention, transition variables are drawn from the following distributions, with
probabilities defined below:

dé_E ~ Binom (Si(t), 1— e—/li(t)dt)
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dip ~Binom (E1(t), 1 — e 7Edt) (58)

@k abi) = ((1=pc)(1 = e7759), pe(1 - e77540)) (59)
(dg,,A, d,‘;},c) ~ Multinom (E*2(¢), q}'E,,A, q,éj,c ) (60)

di r ~ Binom (If(t),1 — e7adt) (61)

Aigep, = PhPG,(1—e7e) (62)

Gigr = (1—ph)(1—e77e) (63)

icicuye = Pi(1—p6,)(1—p"(®)) Pley (1 — e 7edt) (64)

Aigicu,,. = Pi(1—pk,)p"(0) Picy (O)(1 — e~ vedt) (65)

Gon =Ph(1=1E,) (1 —p"®) (1= picy®) (1= ph, () (1 —e77c%)  (66)

G, = k(1= 5, )" © (1= picy(®) (1= piy, () (1 - e77e%) (67)

o, = Pi(1=1,)(1=p ) (1 = plcy(®)) ply, (1 — e77ct) (68)

Gheny = Ph(1= 5P (© (1= plcy (®) Pl (O(1 — e77e) (69)

(dic6pr - digny.)  ~Multinom(IE(0), dig 6y 0 Dy ) (70)
dé, 6, ~ Binom (G5'(t), 1— e Yend) (71)

dg,p ~Binom (G5*(t), 1 — e Vepdt) (72)

Gicupreicow, = (1= Pleu,®) (1= ply, ) (1 — &7V 1Upret)eruat (73)
Gicvpretcu,, = (1= Ploy, ®) (1= ply, (©) (1 = 7 1e0et)(1 = e7rud) (74)
Gicupreicvw, = (1= Plcuy () ply, (01— 7V Vpre)eruat (75)
Gicvpreicvw,. = (1= Pleu, () ply, (1 — e 71Vmredt)(1 — g=rudt) (76)
Aicupmeicup = Py, (£)(1 — e V1CUpre)evudt (77)
Gicupreicuy. = Dicy, (1 — e VVpre®)(1 — g~rut) (78)
quCUpre,ICUpre* = e V1CUpredt (1 — gvudt) (79)
(dIiCUpre,ICUWR' e d;'cvpre,lcugre) ~ Multinom (ICUzl;re o, QIiCUpre,ICUWR' e quCUpre,ICU;,re) (80)
qliCU;re,ICUWR* = (1= pley, ®)(1 = ply, () (1 — e7"1Vpre®) (81)
quCU;;re'ICUWD* = (1 ~ Picup (t)) Pl (£)(1 — e 7V1eVprett) (82)
Gicuseicuy = Py, (O)(1 — eV ¢0predt) (83)
(d}CU;re,,wwR*, wordicys. ey, ~ Multinom (ICUIi,re*(t),q,icusre',CUWR*, oo @icuy eicuy.) (84)
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i
Qup.Hp

01,1
AHp H

01,2
Qp,Hps

i i,1,1 i,1,2
(dHD,HD’ dHD,HD*’ dHD,HD*)
di
HD*'HD*
i 02,2
(dHD,D’ dHD,HD*)
di
Hp+,D
i i
(dHR,R’ dHR,HR* )
di
Hp+,R
i
dicuw,wg
i
qICUWR,ICUWR*
i
dicuy oW g+
d i )
( ICUWR:WR' ’ ICUWR'WR*
di
ICUW o, Wps
i
dicuw,wp
i
qICUWD,ICUWD*
i
dicuy W«
d i )
( ICUW , Wp + » ICUy ) W
di
ICUW . W
i
dicup,icup

1,1
dicup,icu

i1,2
dicup,icuy
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(1 _ e—YHDdt)e—yUdt

e_yHDdt(l _ e—yudt)

= (1 — e_)/HDdt)(l _ e-]/ydt)

~ Multinom (H[i,'l(t), Qi 1y Qqu';',lyD*: qI{}];,ZI-ID*)

~ Binom (Hi’f(t), 1— e Hp®)

~ Multinom (H[i,'2 (t), 1 — e VHp4t e—VHDdt(l — e—VUdt))
~ Binom (Hi’f(t), 1 — e VHpat)

~ Multinom (H}'g(t), 1 — e VHRdt g 7VHRdt(] — e—Vudf))
~ Binom (Hé*(t), 1 — e VHRdr)

— (1 _ e—VICUWRdt) e-Yudt

e—chuWRdt(l _ e—VUdf)

— (1 _ e—VICUWRdt) (1 _ e—yudt)

~ Multinom (ICUévR ®), QIiCUWR,WR Ry QIiCUWR,WR* )

~ Binom (ICU{;VR* (), 1 - e_yICUWRdt)

= (1 - e_yICUWDdt) e Yudt

e—YICUWDdt(l _ e—VUdf)

= (1 - e_y’CUWDdt) (1—ervar)

~ Multinom (ICU‘ﬁVD (t), QILCUWD,WD e qllCUWD'WD* )
T i __~Yicuy dt)
Binom (ICUWD*(t), 1—e D
— (1 _ e_YICUDdt)e_VUdt
- e—chuDdt(l - e—Vudf)

— (1 _ e—YICUDdf)(l _ e—yudt)

i 01,1 01,2 . i1 i i1,1 01,2
(dICUD,ICUD'dICUD,ICUD*'dICUD,ICU ~ Multinom (ICUD (©), Gicup,icup qICUD,ICUD*'qICUD,ICUD*)

i
dicy e icuy-

- 2,2 . i2 - a - dt —yydt
(d}CUD’D,d,CUD_,CUD*) ~ Multinom (ICUD (), 1 — e Yicupdt e Vicupdt(1 — g=Yu ))

i
dicy,.p
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i
Awg,wg

1,1
AW g, W g«

01,2
Aw g, W g+

(v i o i)
dli/VR*,WR*
(diyr diw,.)
dli/VR*,R
(divp.0 divpwp)
dIi/VD*,D
(divp0 divpwp)
q%sero Tsero
pre pos

i
queropm'Tseroneg

L L
( Tseropre'Tseropos’deerOpre'Tseroneg
i YR i _ " VPCRyyelt
TpCRyreTPCRyos Binom (TPCRpTe(t)' 1—e pre

i : i
dTPCRposrTPCRneg ~ Binom (TPCRpos(t)r

. i,1 i i,1,1
~ Multinom (WRL ), Qv pw g %l/VR,WR*: q
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(1 _ e—YWRdf)e—yUdt
e_VWRdt(l — e—VUdf)

(1— e "wr)(1 — e7rvdt)

~ Binom (Wi;l(t), 1— e Ywr?t)

i,1,2
WRIWR*

~ Multinom (WRL"2 (1), 1 —e Ywrdt e—YwRdt(l - e—VUdt))

~ Binom (Wi;2 (), 1—e Ywr?)

~ Multinom (W[‘; (t), 1— e Ywpdt g Ywpdt(] — e—)/udt))

~ Binom (Wg*(t), 1 — e YWpat)

~ Multinom (WDi ),

~ Multinom (Tsl

i i i
eTO0pre (t)’ q’rseropre,TserOpos' QTseropre:Tseroneg)

—Vseropredt
- pseropos(l —e€ pre )

(1 - pseropos) (1 — e Vseropredty

Model compartments were then updated as follows:

Sit+dt) = S'(t) —dip
Ei,l(t + dt) = Ei'l(t) + dg"E - dg,E
Ei,Z (t + dt) =

E¥2(t) + d]ii',E - dli:“,IA - dli:“,lc

L(t+dt) =1i®)+dg,, —di, g

IL(t + dt)

GLM(t +dt) =

GL*(t + dt)
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i i _ gl
diny — Aignp = digHp.
GEr(t) +di . —dL

D Ic,Gp Gp,Gp

2 . .
Gp™(O) +dgy 6, — dipp

1 — e YPCRpos dt)

1 _ e_YWDdt, e—}/WDdt(l _ e—]/ydt))

i i gi _gi i i i
=1c() +dp ;. — di.cp, — AR Al 1cUpye d1c,1cupre* A, Hp
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ICUL.(t +
dt)

ICUL, .- (t +
dt)

ICU}y  (t +
dr)

ICU{;VR* (t +
dt)

ICU, (t +
dt)

ICUy, . (t+
dt)

ICUS (t + dt)

ICULA(t + dt)
ICULL(t + db)

ICUL(t + dt)
W (t + dt)
W (t + dt)
WE(t + dt)
WEA(t + dt)

Wi (t + dt)
WE.(t + dt)
HEY(t + dt)
HE*(t + dt)
HE (t + dt)
HE2(t + dt)

Hi(t + dt)
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— i i i i
i= ICUpy (t) + dIC,ICUpre - dICUpre,ICUWR - dICUpre,ICUWD -
i i i i
dICUpTe,ICUD - dICUpre,ICUpTe* - dICUpre,ICUWR* - dICUpre,ICUWD* -

i
dICUpTe,ICU .

— i i i _ i _
= 1CUy- () + dIC,ICUpre* dICUpre,ICUWD* dICUpre*,ICUWR*

di
ICUpre*'ICUD*

— i i i i
= [CUy, )+ dICUpre,ICUWR - dICUWR,WR - dICUWR,ICUWR* -

i
dICUWR,WR*

— i i i i _
= ICUWR* (t) + dICUpTe*’ICUWR* + dICUWR'ICUWR* +dICUpTeJICUWR*

i
dICUWR*,WR*

— i i _qi _Aqi —
= ICUWD(t)+d1cupre,1cuwD dICUWD,WD dICUWD,ICUWD*

i
dICUWD,WD*

— i i i i _
= [CUy,.(t) + dICUpre*,ICUWD* + dICUWD,ICUWD* +d1CUpTe,ICUWD*

i
dICUWD*,WD*

— i1 i _ i _ gLl _ 4i12
= ICUL (t) + dicy,, icup — dicupicup — Aichpicuy — dictpicu,.

— i,2 i i i,2,2
= ICUR" () + dicuy icup = dicupp = dicipicu,.

— i1 i 1,1 i
= ICUR-(t) + dICUpre*,ICUD* + dicyyicuy. T Aicuyyeicup

i
= dicyp.icu,

— 0,2 i 01,2 i,2,2 i
= 1CUR (1) + dICUD*,ICUD* + dICUD,ICUD* + dICUD,ICUD* dICUD*,D

— il i _ i i1 _i12
= Wy (t)+dICUWR,WR diyewr = Awpwe ~ Awpwp:

02 i i 4i22
.—VVR (t)-l_dWRrWR dWR,R dWR'WR*

bl i 1,1 i — Al
= W * (t) + dICUWR*'WR* + dWR,WR*+d1CUWR'WR* dWR*'WR*

— b2 i i,2,2 01,2 i

= Wi () + diy o wp. + A + Aipw e = A
— i i i i

= Wp(t) + dICUWD,WD —dwpp — dWD,WD*

— i i i i i
o— WD*(t) + dICUWD*IWD* + dWD'WD* +dICUWD'WD* - dWD*,D

— pgbl i i S 1% % S T 4 2
= Hp (t)+d1C»HD dHD,HD dHD,Hl*) Hp,Hp

— g2 i _ i 422

— il i 1,1 i
o-— HD* (t) + dIC'HD* + dHD'HB - dHD*’HD*

i,2,2
Hp,Hp

i,1,2

— pi2 j j
= Hp*(t) +dpy, . p,. +d +dy "y = dh o

= H,ia (t) + d;c.HR - d;'IR.R - d;IR'HI*?
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Hi(t+dt) = Hpe () +dip . + dLR,H;, —di .k (154)
Ri(t + dt) = R'(t) + d;A,R + dIiC,R + dliiR,R + dIiiR*,R + dli/VR,R + dli/VR*,R (155)
S€Topre dt) '_ Tsleropre (t) + dg:IA + dg:lc - d%serOprerTseTOpos - %serOpre'Tseroneg
T} t+ _ i i (157)
Seropos dt) = TSleTOpoS (t) + deeTOpre'TSf?TOpos
T} t+ _ ; (158)
S€roneg dt) = TSleTOneg (t) + déﬂseTOprerTse‘roneg
Ticr,,, (E+ . o ] ' (159)
pre dt) = T;"CRpre (t) + d.é',E - d’}PCRpre'TPCRpos
Ther,, (E+ o ' ' (160)
pos dt) '_ TPCRpos (&) + dé"PCRpre,TPCRpos - dé"PCRpOS,TPCRneg
ThcRuey (t+ o i ; (161)
neg dt) — TPCRneg (t) + dTPCRpDS'TPCRneg
1.7 Observation process
To describe the epidemic in each NHS region, we fitted our model to time series data on hospital
admissions, hospital ward occupancy (both in general beds and in ICU beds), deaths in hospitals,
deaths in care homes, population serological surveys and PCR testing data (section 1.1 and Table S 1).
1.7.1 Notation for distributions used in this section
If Y ~ NegBinom(m, k), then Y follows a negative binomial distribution with mean m and shape «,
such that
Fk+y), kK \<, m \Y
P(Y = - 162
( y) y!IT (k) (K + m) (K + m) (162)
2
where I'(x) is the gamma function. The variance of Y ism + mT
If Z ~ BetaBinom(n, w, p), then Z follows a beta-binomial distribution with size n, mean probability
w and overdispersion parameter p, such that
n\B(z+a,n—z+b)
P(Z=2z)= 163
z=2=()"5wn (163)

wherea = w (1_7’)), b=01-w) (1_7’)) and B(a, b) is the beta function. The mean of Z is nw and the

variance isnw(1 — w)[1 + (n — 1)p].
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1.7.2 Hospital admissions and new diagnoses in hospital

We represented the daily number of confirmed COVID-19 hospital admissions and new diagnoses for
existing hospitalised cases, Y 4, (t), as the observed realisations of an underlying hidden Markov
process, Xgqm (t), defined as:

= : . * * g .
= Xi (ZJE{H;;,HD,ICU,M} dIC.] +

i i1,1 i,1,2 i,2,2
Zje{HR,ICUpre,ICUWR ICUWpWp} dj,j*) + dHD,HD* + dHD,HD* + dHD,HD*

Xaam(t) di,1,1 + di,1,2 + di,z,z + di,1,1 + di,1,2 + (164)
ICUp,ICU ICUp,ICU ICUR,ICU Wi, W Wg W
i,2,2 i i i ] i
dWR,WR* +d;CUpre,ICUWR* +d;CUpre,ICUWD* +d;cupre,1cuD* +d;CUWD*,WD* +djc
Which was related to the data via a reporting distribution:
Yadm(t) ~ NegBinom(Xadm(t)rKadm) (165)

We allow for overdispersion in the observation process to account for noise in the underlying data
streams, for example due to day-of-week effects on data collection. We adopt k = 2 for all NHSE
data streams, so that they contribute equal weight to the overall likelihood.

1.7.3 Hospital bed occupancy by confirmed COVID-19 cases

The model predicted general hospital bed occupancy by confirmed COVID-19 cases, X}, (t) as:
Xnosp(t) = Y (1§I§(t) + I (O + Tigys, (O + Iy (6) + Iﬁv};(t)) (166)

Which was related to the observed daily general bed-occupancy via a reporting distribution:

Yhosp(£)  ~ NegBinom(Xhosp (v), Khosp) (167)

with kp,5p = 2 as above.

Similarly, the model predicted ICU bed occupancy by confirmed COVID-19 cases, Xy (t) as:
Xicuy@®) = % <IIiCUWR* )+ IIiCUWD* )+ IIiCUD* (f)> (168)

Which was related to the observed daily ICU bed-occupancy via a reporting distribution:

Yicy(t) ~ NegBinom(X;cy(t), Kycy) (169)

with Kicu = 2.
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1.7.4 Hospital and care homes COVID-19 deaths

The reported number of daily COVID-19 deaths in hospitals, Y}y, (t) was considered as the
observed realisation of an underlying hidden Markov process, Xp o5y, (t), defined as:

Xnospp(8) 1= T (dlyy p + diys p + dicy, p + dicys ptdiy, o+ diys ) (170)

Which was related to the data via a reporting distribution:
YhospD (t) ~ NegBinom (XhospD (t): KhospD) (171)
Wlth KhospD = 2.

Similarly, we represented the reported number of daily COVID-19 deaths in care homes, Y; (), as
the observed realisations of an underlying hidden Markov process, X;;  (t), defined as:

X, () = dghf (172)
Which was related to the data via a reporting distribution:
Y6, (t) ~ NegBinom (XGD (v), KGD) (173)

with kg = 2.

1.7.5 Serosurveys

We model serological testing of all individuals aged 15-65, and define the resulting number of
seropositive and seronegative individuals (were all individuals aged 15-65 to be tested), as:

Xseropes(t) = 2%3%1652 0 Teropos () (174)

Xseroneg ) = (252?1655)20) Ni) - XseTOpos () (175)

We compared the observed number of seropositive results, Ysempos(t), with that predicted by our
model, allowing for i) the sample size of each serological survey, Ysempos(t) and ii) imperfect

sensitivity (Pserog,,,) and specificity (pserospec) of the serological assay:

Yseropos(t) ~ Binom (Yserotest(t)r wseropos(t)) (176)
Where:

Pserogens Xseropos (t) + (1 - pserospec )Xseroneg (t)

Wsero os(t)
g Xseropos ® + Xseroneg ®) (177)
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1.7.6 PCR testing

As described in the data section (1.1), we fitted the model to PCR testing data from two separate
sources:

e pillar 2: the government testing programme, which recommends that individuals with COVID-
19 symptoms are tested (34),

e the REACT-1 study, which aims to quantify the prevalence of SARS-CoV-2 in a random sample
of the England population on an ongoing basis (35).

We only use Pillar 2 PCR test results for individuals aged 25 and over (we assume this includes all care
home workers and residents). We assume that individuals who get tested through Pillar 2 PCR testing
are either newly symptomatic SARS-CoV-2 cases (who will test positive):

CHW ] 178
XPZ,,OS ) = Z dg . (178)

i=[25,30)

or non-SARS-CoV-2 cases who have symptoms consistent with COVID-19 (who will test negative):

Xrzney® 5= puc (S 500N = Koz, (0)) (179)

where pyc is the probability of non SARS-CoV-2 cases having symptoms consistent with COVID-19
leading them to seek a PCR test.

We compared the observed number of positive PCR tests, szpos (t) with that predicted by our model,

accounting for the number of PCR tests conducted each day under pillar 2, Yp,, . (t), by calculating
the probability of a positive PCR result (assuming perfect sensitivity and specificity of the PCR test):

Wp2,,5(t) 1= (szpos(t)> / (szpos(t) + Xp2ey (f)) (180)

People may seek PCR tests for many reasons and thus the pillar 2 data are subject to competing biases.
We therefore allowed for an over-dispersion parameter pp, .., which we fitted separately for each
region in the modelling framework:

szpos(t) ~ BetaBinom (YPZteSt(t)’wpzpos(t)’ppztest) (181)
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We incorporated the REACT-1 PCR testing data into the likelihood analogously to the serology data,
by considering the model-predicted number of PCR-positives XRlpos (t) and PCR-negatives XRlneg (v),

were all individuals aged over five and not resident in a care home to be tested:
XR1 s () = Yiz[510),...[80+),CHW T1£CRPOS ®) (182)

XR1neg () = Xi=[510),..[80+),cHW Ni(®) ~ XR1,05 (1) (183)

We compared the daily number of positive results observed in REACT-1, YRlpos (t), given the number

of people tested on that day, Ythest(t), to our model predictions, by calculating the probability of a
positive result, assuming perfect sensitivity and specificity of the REACT-1 assay:

OR1s (1) 1= (Xpa,, (6) )/(lepos(t) + leneg(t)) (184)

YR1pos(t) ~ Binom (Ythest(t),lepos(t)) (185)

The overall likelihood function was then calculated as the product of the likelihoods of the individual
observations.

1.8 Bayesian inference and model fitting

A closed-form expression of the likelihood of the observed data given the model and its parameters
was not analytically tractable, so we used particle filtering methods to obtain an unbiased estimate of
the likelihood which can be efficiently sampled from (36). Where appropriate, we used estimates from
the literature to set model parameters at fixed values. We limited the parameters being inferred to
just those with particular epidemiological interest, or with large uncertainty in existing literature.

The model was fitted independently to each NHS region. For each NHS region, we aimed to infer the
values of 26 model parameters:

e the local epidemic start-date, ty;
e thirteen transmission rates at different time points £, ..., B12;
e three parameters governing transmission to and within care homes mcyw, Mcyr, €;

e the probability of symptomatic individuals developing serious disease requiring
hospitalisation, pjt®*, for the group with the largest probability;

e the probability of a care home resident dying in a care home if they have severe

disease requiring hospitalisation, pg/%;

e the probability, at the start of the pandemic, of a patient being admitted to ICU after

hospitalisation, pj¢*, for the group with the largest probability;
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e the probabilities, at the start of the pandemic, of dying in a hospital general ward,
p,’,”;x, in the ICU, p,"C‘%’l‘), and in a stepdown ward following ICU, png, for the groups

with the largest probability;
e the multiplier for hospital mortality after improvement in care, uy;
e the multiplier for probability of admission to ICU after improvement in care, y;cy;

e the daily proportion py, of the population seeking to get tested for an infection of
SARS-Cov-2 following COVID-19 like symptoms and the overdispersion of the
corresponding observation distribution pp;,, .-

We used particle Monte Carlo Markov Chain (pMCMC) methods (37), implementing a particle
marginal Metropolis-Hastings algorithm with a bootstrap particle filter (38) with 96 particles (for
sufficient variance in likelihood and a convenient multiple of number of available CPU cores for
efficiency), to obtain a sample from the posterior distribution of the model parameters given the
observed data. If the expected values of count distributions are zero when observed values are non-
zero, this results in particles of zero weight, which can lead to the particle filter estimating the marginal
likelihood to be 0. Therefore, to get a small but non-zero weight for each particle at every observation,
within our particle filter likelihood we add a small amount of noise (exponentially distributed with
mean 107%) to count values from the model.

Within our particle filter we add small amounts of exponentially-distributed noise (with mean 1079)
to model outputs prior to calculating likelihood weights to avoid particles of zero weight, instead
resulting in small but non-zero weights.

We implemented our model and parameter inference in an R package, sircovid (39), available at
https://mrc-ide.github.io/sircovid, which uses two further R packages, dust to run the model in

efficient compiled code and mcstate to implement the pMCMC sampler using Metropolis-Hastings
sampling (40).

At each iteration, the sampler proposes an update to the joint distribution of parameters. These
proposals are generated from multivariate Gaussian densities centred on the current parameter
values, and with a covariance structure chosen to facilitate efficient mixing of the Markov chain. We
specified reflecting boundaries for the proposal kernel to ensure that the proposed parameters are
both epidemiologically and mathematically plausible and retain symmetry in the proposals.

For each regional fit, eight parallel chains of the pMCMC were run for 11,000 iterations, with the first
1,000 discarded as burn-in, and a 1/80 thinning. We assessed convergence visually.
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1.9 Prior distributions and parameter calibration

1.9.1 Risk of hospital admission

In our Bayesian inference framework, we estimate pj;'*¥, the probability of hospital admission for
symptomatic cases in the group (across all ages and CHW and CHR) with the largest probability of
hospital admission. However, we fix the relative probability of hospital admission for the other age
groups, i, defined so that p}; = p** ¥}, with ¥4 = 1 in the group with largest probability of
hospital admission.

In this section we explain how the values of I/J,i, were chosen. We used two sources of information, an
individual-level and an aggregated dataset. On the one hand, the COVID-19 Hospitalisation in England
Surveillance System (CHESS) is a daily, confidential line list containing highly detailed information on
patients admitted to hospital with confirmed COVID-19 (see following section 1.9.2 for further details).
On the other hand, the Government’s Coronavirus Dashboard is an aggregated, publicly available
situation report updated daily. Amongst other data, it provides updates on the number of daily
admissions and hospital occupancy by devolved nation and, for England, by NHS region. We found the
demography of hospitalisation in CHESS to be biased toward older patients compared to Dashboard
data (Figure S3). We thus undertook a two-step approach to infer the demographic composition of
COVID-19 hospitalisations across England.

Firstly, we derived an initial approximation of 1/)}} by dividing the total number of hospital admissions
for age group i in CHESS over the total number of positive PCR tests (Pillar 2) for i. Both data sources
were censored to include patients admitted to hospital or with a specimen data (i.e. the date the test
was taken), respectively, between March 1 and December 2, 2020. We ran our full inference
framework using this initial approximation for I/J,i, and observed its fit to the demographic
composition of admissions from the data.

As a second step, we refined our initial approximations of l/)}', over a series of iterations of our
. . i i .
inference framework, by drawing the modelled (py,,,,,) @nd observed (py ;. ) proportion of
admissions for each age group (i.e. admissions in age group i divided by all admissions) and using it to
derive a re-scaling factor for a new proposal for I/J,i, as follows:

i

i . ;. DPH
New ¢}, = Initial Y *M
PHModet

This process was repeated to obtain a close approximation to the observed proportion of admissions
by age and region (Figure S3). A key strength of our approach is that we did not overfitted demography
by individual regions. Rather, by assuming 1/)}} to be independent of geographic region, we allowed
our inference framework to derive the number of admissions for each five-year age band i solely
based on 1,[)}',, the demographic composition of the NHS region and inferred epidemic parameters,
such as R;.
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Figure S 3: Proportion of admissions by age. a) Comparison of model outputs to data from the Government’s
Coronavirus Dashboard, aggregated to five broad age categories. b) Age spline fitted (red) to Government’s
Coronavirus Dashboard, with age categories disaggregated to five-year bands. The fitted spline (red) was used
as input parameters for the probability of hospitalisation by age.

1.9.2 Severity and hospital progression

We also performed extensive preliminary analysis to inform the age-structure of progression
parameters within hospital. Data from the COVID-19 Hospitalisation in England Surveillance System
(CHESS) were used to fit a simple model of patient clinical progression in hospital. The model structure
was designed to mirror the within-hospital component of the wider mechanistic transmission model,
but without the complexities arising from unknown admission dates and with greater detail on trends
with age (Figure S 4).
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Figure S 4: Directed Acyclic Graph of the hospital pathways fitted to CHESS data, which mirror the model
structure described in described in Figure S 2, but with all parameters varying with age and not over time.

CHESS data consists of a line list of daily individual patient-level data on COVID-19 infection in persons
requiring hospitalisation, including demographic and clinical information on severity and outcomes.
Data were filtered to patients admitted between 18" March and 315 May 2020 (inclusive), with
subsequent progression events possible up until 25" Nov 2020. This gave >5 months for outcomes to
complete, and hence justified filtering to patients with resolved outcomes only. The length of stay in
each state was taken as the difference between the registered dates of entering and leaving each
hospital ward. Lengths of stay were assumed to follow Erlang distributions, as in the wider model,
with a distinct mean and shape parameter for each state. Specifically, the probability of being in state
X € {pre,Hp, Hg, ICUp, ICUy, ., ICUy,,, Wg, Wp} for n € N, days was taken as the integral over day
n of the Erlang distribution with mean my and shape sy:

s —Sxt
n+1 ( SX) X th—le my

Pr(in state X for n days) = f Tx

GO
n

For a patient of age a, this was combined with the probability of their path through the hospital
progression model, taken as the product of the individual transition probabilities at each bifurcation,
i.e. values taken from p;(a) for Z € {ICU, Hp, ICUp, Wp}. Transition probabilities were modelled as
functions of age using logistic-transformed cubic splines. Knots were defined at coordinates [xi,y}'],
where x! values were fixed at {0,20,40,60,80,100,120} and y} were free parameters to be
estimated. The complete spline, y,(a) for a € 0: 120, was obtained from these knots using standard
expressions for cubic spline interpolation. Finally, transition probabilities were obtained from the raw
y,(a) values using the logistic transformation: p;(a) = 1/(1 + e ¥z(®),
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In total there were 44 free parameters in the within-hospital progression model: 8 mean length of
stay parameters, 8 length of stay shape parameters and 4 X 7 transition probability spline nodes
(Figure S 4, Table S 4).

Table S 4: Descriptions of all states and transitions in the simplified hospital progression model fitted to CHESS

data.

State (X) Description
pre General admission before step-up to ICU
Hj General ward before death in general ward
Hp General ward before discharge from general ward
ICU,, ICU before death in ICU
ICUy, ICU before step-down and eventual death in step-down care
ICUy, ICU before step-down and eventual discharge from step-down
care
Wp Step-down (general) ward before death
Whp Step-down (general) ward before discharge
Transition (Z) Description
ICU Admission to ICU from general ward
Hj Death in general ward
ICUp Death in ICU
Wp Death in step-down care

All parameters of the hospital progression model were given priors (Table S 5) and estimated within a
Bayesian framework. All length of stay parameters were given uniform priors over a plausible range
of values. For transition probabilities, the first spline node y; was given a prior that corresponded to
a uniform distribution after logistic transformation, and subsequent spline nodes were given a
multivariate normal prior to apply a smoothing constraint to the spline. Parameters were estimated
jointly via MCMC using the custom package markovid v1.5.0 (41), which uses the random-walk
Metropolis-Hastings algorithm to draw from the joint posterior distribution. MCMC was run for 1000
burn-in iterations and 100,000 sampling iterations replicated over 10 independent chains.
Convergence was assessed via the Gelman-Rubin diagnostic (all parameters had potential scale
reduction factor <1.1) and sampling sufficiency was assessed by visualising posterior distributions and
by effective sample size (ESS) calculations (all parameters had ESS >100,000).
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Table S 5: Priors on all length of stay distributions and transition probability splines. Uniform.,,:(a, b) denotes
the continuous uniform distribution, and Unif ormg;s.(a, b) the discrete uniform distribution between a and b
(inclusive).

Parameter Description Prior
my = i Mean of Erlang length of stay my ~ Uniformq,+(0,20)
rx distribution
ky Shape parameter of Erlang kyx ~ Uniformgis.(1,10)

length of stay distribution

1

1 ; ; _
¥z First spline node of 1 e YZ
(transformed) transition fOz) x (1+e2)2’
probability for y!z € (-10,10)
yé forj €2:7 Subsequent spline nodes of yzf ~ Normal(yzj_l, 0.25)
(transformed) transition
probability

Parameter estimates (posterior medians) were passed to the wider mechanistic transmission model
as fixed values (Figure S 5). For transition probabilities, the full age-spline (Figure 3, main text) was
aggregated to 5-year age groups and normalised by the largest value to define the relative risk with
age. The absolute risk in the mechanistic transmission model was obtained by multiplying the relative
risk by region-specific scaling factors that were fitted as free parameters in the pMCMC. Hence, the
preliminary analysis of CHESS data was used to inform trends of severity with age, but not the absolute
probability of progression through the hospital states, which was informed by the Government’s
Coronavirus Dashboard data.

For the wider mechanistic transmission model, we used Beta distributions for the priors of the various
fitted probabilities regarding hospitalisation. The priors for p;¢i*, prs™, picyy, and pyy” were all
informed by the fitting to CHESS data by taking the median fitted value for the prior mean, which we
halve in the case of p[}t* to account for CHESS being biased to more severe patients. The prior
distributions are then calibrated so that the lower bound of the 95% confidence interval is 0.1 lower
than the prior mean. For pj#** and pggR, we assume prior means of 0.75 and calibrate the prior so
that the lower bound of the 95% confidence interval is 0.2 lower than the mean. For the multipliers
for hospital mortality after improvement in care, yy, and for probability of admission to ICU after

improvement in care, y;cy, we used uninformative U[0,1] priors.
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Length of stay in each hospital state

Mean (days) Shape parameter (dimensionless)
general ward before ICU 4 . .
general ward before death 4 - .
general ward before discharge - - .
ICU before death 4 - .
ICU before stepdown and death 4 —_— .
ICU before stepdown and discharge 4 —— .
stepdown before death 4 — .
stepdown before discharge 4 - .
T T T T T T T T T
0 5 10 15 20 0 1 2 3

Figure S 5: Posterior 95% credible intervals of length of stay mean (left) and shape parameters
(right).

1.9.3 Serosurveys

To keep serology parameters consistent between all regions we used estimates from the literature to
fix the parameters of the seroconversion process. An alternative would have been to use these
estimates as priors within a hierarchical model where some parameters would be shared between
regions, but this would be much more involved computationally.

As described in section 1.3.2, the time to seroconversion from leaving the Ef compartment is modelled
by an exponential distribution time spent in Tsleropre with a proportion Pseropos ultimately

verti Vi ini i iv Vi .
seroconverting and moving to Tsleropos and the remaining staying negative and moving to Tsleroneg

We fixed Pserop,s 10 0.85 based on the estimate of 85% of infections becoming detectably seropositive

with the EUROIMMUN assay used in the NHSBT serological surveys (42). The specificity of the serology
test Pserogpe, IS fixed to 0.99 also from (42). Finally, the sensitivity of serology test psero,,, . is assumed

to be 1 as it is non-distinguishable from the time varying seroconversion process (Table S7).

1.9.4 PCR positivity

As for other compartments, we modelled the duration of SARS-CoV-2 PCR-positivity after symptom
onset using an Erlang distribution T~Erlang(k, y), with k successive compartments and a total mean

. k . k
time spent of " and variance s

We estimated the parameters of this distribution from Omar et al. (16), which reported the cumulative
distribution of duration of PCR positivity in 523 individuals with mild COVID-19 disease in home
guarantine in a German region. We performed a survival analysis using a gamma-accelerated failure
time model fitted to their data, from which we estimated the mean and variance of the time from
symptom onset to PCR negativity. This was used to derive values of k and y shown in Table S 2.
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1.9.5 Local start date of the epidemic

The start date of the epidemic for each region is assumed to have a uniform prior on the dates from
1%t January 2020 to 15™ March 2020, inclusive — with the latter date corresponding to the last date
before the data begin.

1.9.6 Time-varying transmission rates

We set priors for the transmission rates fy,...,512 to reflect a Gamma distribution for the
reproduction number R; with a reasonable 95% confidence interval a priori. To obtain a prior for the
corresponding 8, we then scale by a factor of 0.0241 (given other parameter values, 8, = 0.0241
would correspond approximately to R; = 1). The 95% ranges for R, we used are (i) (2.5, 3.5) at the
onset of the epidemic (corresponding to 81); and then R; (ii) (0.4, 3.5) at announcement of the first
lockdown (corresponding to f8,); and (iii) (0.4, 3) from the implementation of the first lockdown
onwards (corresponding to 3, ..., B12 ). The values are consistent with the values of the COMIX study
(43).

1.9.7 Transmission within care homes

For the transmission between care home workers and residents, m.py,, and transmission among care
home residents, m.yr, we used a prior distributions reflecting that these are person-to-person

infectious contact rates and thus should be scaled according to regional care home demography. We

0.1
NCHR

then used a Gamma distribution with shape 5 and mean for both of these parameters (recall that

we assume there is a 1-to-1 ratio of care home workers to residents in each region, so N¢HW = NCHR),

For the parameter governing the reduction in contacts between the general population and care home
residents, €, we used an uninformative U[0,1] prior.

1.9.8 Parameters relating to Pillar 2 testing

For both the parameters py¢ and pp,,, ., we used uninformative U[0,1] priors.
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Table S 6: Inferred model parameter notations, prior and posterior distributions. Note that I'(a, b) here refers to a Gamma distribution with shape a and scale b (such that
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the mean is ab), and B(a, b) refers to a Beta distribution with shape parameters a and b (such that the mean is a/(a + b)).

Mean (95%

Description Group Prior Mean Posterior Crl)
scaling (95% Cl) NW** NEY MID EE LON SW SE
Start date of Ulo1 29-01 03-02 24-01 06-02 08-01 12-02 27-01
to regional outbreak - /01,15 - (13/01, (29/01, (12/01, (30/01, (02/01, (09/02, (20/01,
(dd/mm/2020) /03] 07/02) 09/02) 02/02) 14/02) 20/01) 17/02) 04/02)
Transmission rate
(bp)
B B -~ T(136,0.00( 0.07 0.08 (0.06, 0.08 (0.07, 0.08 (0.07, 0.08 (0.08, 0.06 (0.06, 0.09 (0.08, 0.08 (0.07,
(0.06, 0.08) 0.09) 0.09) 0.09) 0.09) 0.07) 0.09) 0.09)
0.06 0.09 (0.06, 0.08 (0.05, 0.07 (0.05, 0.06 (0.04, 0.04 (0.03, 0.07 (0.04, 0.05 (0.03,
b2 - I(21.9,000 (0.04, 0.08) 0.11) 0.1) 0.09) 0.07) 0.06) 0.09) 0.06)
0.03 0.01 (0.01, 0.02 (0.02, 0.01 (0.01, 0.02 (0.02, 0.01 (0.01, 0.02 (0.01, 0.01 (0.01,
Bs - (425000 (0.01, 0.07) 0.02) 0.02) 0.01) 0.02) 0.01) 0.02) 0.01)
0.03 0.02 (0.02, 0.02 (0.01, 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.02 (0.01,
B - (425000 (0.01, 0.07) 0.02) 0.02) 0.02) 0.02) 0.02) 0.02) 0.02)
0.03 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.02 (0.01, 0.02 (0.02,
Bs - (425000 (0.01, 0.07) 0.02) 0.03) 0.02) 0.02) 0.03) 0.02) 0.02)
0.03 0.02 (0.02, 0.02 (0.01, 0.02 (0.01, 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.02 (0.02,
Bs - (425000 (0.01, 0.07) 0.03) 0.02) 0.02) 0.02) 0.03) 0.03) 0.02)
0.03 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.02 (0.02, 0.03 (0.02, 0.02 (0.02, 0.02 (0.02,
By - (425000 (0.01, 0.07) 0.03) 0.03) 0.03) 0.02) 0.03) 0.03) 0.03)
0.03 0.05 (0.04, 0.04 (0.04, 0.05 (0.04, 0.04 (0.03, 0.04 (0.04, 0.03 (0.02, 0.04 (0.03,
Be - (425000 (0.01, 0.07) 0.05) 0.05) 0.05) 0.04) 0.05) 0.04) 0.05)
0.03 0.04 (0.04, 0.04 (0.04, 0.04 (0.03, 0.04 (0.03, 0.04 (0.03, 0.04 (0.04, 0.03 (0.03,
Bs - (425000 (0.01, 0.07) 0.05) 0.04) 0.04) 0.04) 0.04) 0.05) 0.04)
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p F(4.25.0.00 0.03  003(0.03, 003(0.03, 004(0.04, 004(0.03,  004(0.04  004(0.03,  0.04(0.04,
10 et (0.01, 0.07) 0.03) 0.04) 0.04) 0.04) 0.04) 0.04) 0.04)
5 F(4.25,0.00 0.03  002(0.02, 003(0.02, 003(0.02, 003(002, 003(0.02, 003(0.02, 0.3 (0.03,
11 et (0.01, 0.07) 0.02) 0.03) 0.03) 0.03) 0.03) 0.03) 0.03)
5 D 0.03  002(0.02, 002(0.02, 002(0.02, 002(002, 003(0.03, 002(0.02, 0.2(0.02,
12 A (0.01, 0.07) 0.02) 0.02) 0.02) 0.03) 0.03) 0.02) 0.03)

Relative reduction

i tact

. betwee': zi'r;aa‘;; Uo.] 0.5  043(0.03, 075(0.51, 0.77(0.37, 0.79(0.51,  0.28(0.03, 0.82(0.74,  0.89(0.77,
the genera ’ (0.03, 0.98) 0.95) 0.98) 0.97) 0.96) 0.49) 0.91) 0.99)

population
r(5,43x  I(537x  TI(529%x TI(552x TI(576x  I(549x  I(531x
ceaional 107) 107) 107) 107) 107) 1077) 107)
Transmission rate - gP , 22x10°¢  18x10™¢ 15x10™6 26x10% 38x10° 25x107% 1.6x 107
between care rior (70x 1077, (59%10~7, (47x1077, (84x10~7, (1.2x10°6, (8.0x10~7, (5.1x 1077,
McHW | ome residents 44%x10°6) 37%x107%) 29x1075) 53x1075) 7.8x107%) 50x107¢) 3.2x 1079
and staff 2.1e-06 1.7e-06 1.5e-06 2.7e-06 3.8¢-06 1.8¢-06 1.5e-06
Posterior: (1.4e-06, (1.3e-06, (1.1e-06, (2.1e-06, (3.1e-06, (1.3e-06, (1.1e-06,
2.7e-06) 2.2¢-06) 1.9¢-06) 3.1e-06) 4.7e-06) 2.2¢-06) 1.8¢-06)
r(5,43x  I(537x  TI(5,29%x TI(552x I(576x  I(549x  I(531x
ceaional 1077) 1077) 10-7) 10-7) 1077) 1077) 1077)
. R gP , 22x10°¢  18x10°° 15x10° 26x10% 38x10% 25x10° 1.6x 107
ransm'ss'°: rate rior (701077, (59x10~7, (47x10"7, (84x10~7, (1.2x10°5 (80x10~7, (51x107,
Mcyr  aMONE Care,domte 44x107%) 37x107%) 29x107%) 53x107% 7.8x107%) 50x1075) 3.2x1079)
residents 2.2¢-06 2.5e-06 3.4¢-06 4.2¢-06 3.3¢-06
Posterior: (1e-06, 3.4¢ (Lae-0s, 6e06(7e (2.1e-06, 23e060e (3.8¢-06 (2.9¢-06
' e S 07, 2.40-06) € 07, 4.86-06) e T
06) 3.6e-06) 4.3e-06) 4.6e-06) 3.6e-06)

Probability of
max hos rifc)aI?saltlioynoif . B(158, 0.75 (0.55, 0.87 (0.8, 0.9(0.85, 0.89(0.83, 078(0.73, 0.85(0.79, 0.86(0.81,  0.73(0.68,
PH Eymptomatic H 5.28) 0.91) 0.92) 0.94) 0.95) 0.84) 0.9) 0.93) 0.79)
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Probability of

max death in care home o B(15.8, 0.75 (0.55, 0.66(0.37,  0.77(0.64,  0.53(0.41,  0.58(0.52, 0.66 (0.5, 0.64 (0.6,  0.36(0.32,
Pép if requiring Gp 5.28) 0.91) 0.85) 0.88) 0.69) 0.63) 0.91) 0.69) 0.43)
hospitalisation
Probability of
o triage to ICU for i B(13.9, 0.24 (0.14, 0.15(0.11,  0.15(0.11,  0.17(0.13,  0.25(0.21,  0.31(0.26,  0.12(0.11, 0.23 (0.2,
Picu new hospital Yicu 43.9) 0.36) 0.18) 0.18) 0.21) 0.31) 0.37) 0.13) 0.25)
admissions
Initial bability of
nitial probabliity © , B(42.1, 0.46 (0.36, 0.42(0.35,  0.46(0.39, 0.43(0.38, 0.47(0.44,  0.37(0.32, 0.5(0.47,  0.41(0.35,
Py death for general YL
b . . b 50.1) 0.56) 0.5) 0.53) 0.47) 0.51) 0.46) 0.53) 0.46)
inpatients
Initial probability of
a0 PrODABITY - B(60.2, 0.67(0.57, 0.66 (0.6, 0.71(0.66,  0.69(0.58,  0.69(0.62,  0.61(0.51,  0.71(0.64,  0.63(0.54,
Picu death for ICU ¥}y
D o D 29.3) 0.77) 0.72) 0.77) 0.77) 0.75) 0.69) 0.77) 0.75)
inpatients
Initial probability of
max death for " B(28.7, 0.35 (0.25, 0.35 (0.25, 0.35 (0.3, 0.36 (0.3, 0.37(0.3, 0.34(0.24, 051(0.44,  0.37(0.29,
Pwp stepdown Wp 52.1) 0.46) 0.46) 0.4) 0.5) 0.43) 0.43) 0.59) 0.45)
inpatients
ICU admission
multiplier after 0.79 (0.59, 0.76 (0.62, 0.72 (0.56, 0.51(0.37, 0.62 (0.51, 0.83(0.73, 0.44 (0.3,
- Ulo,1 0.5 (0.03, 0.98
Hicu improvement in [01] ( ) 0.93) 0.93) 0.94) 0.64) 0.75) 0.99) 0.54)
care
Hospital mortality
Itipli ft 0.58 (0.45 0.47 (0.41 0.49 (0.42 0.47 (0.42 0.32(0.27 0.35(0.28 0.53(0.44
p,  multiplier after Ul 050003098 (045, (0.4, (042, (042, (027, (028, (0.4,
improvement in 0.69) 0.53) 0.61) 0.56) 0.38) 0.43) 0.63)
care
Prevalence of non-
CovID 0.0031 0.0022 0.0025 0.0028 0.0028 0.0019 0.003
Pnc . - U[0,1] 0.5 (0.03, 0.98)
symptomatic (0.0029, (0.0021, (0.0023, (0.0026, (0.0027, (0.0018, (0.0028,
leading to test 0.0033) 0.0024) 0.0027) 0.0031) 0.003) 0.002) 0.0031)
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Overdispersion of 0.0052 0.0076 0.0072 0.0033 0.0026 0.0091 0.0032
PpP2,., PCRp ositivit - U[0,1] 0.5 (0.03, 0.98) (0.0042, (0.0064, (0.0058, (0.0029, (0.0021, (0.0079, (0.0027,
P y 0.0062) 0.0086) 0.0088) 0.0037) 0.0031) 0.0103) 0.0037)

Age-specific scaling factors for each parameter are set out in Table S 8.** Region codes: NW = North West, NEY = North East and Yorkshire, MID = Midlands, EE = East of
England, LON = London, SW = South West, SE = South East. N.B. when the prior is region specific the prior is shown in the same columns as the posterior distributions
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Table S 7: Fixed model parameters (age / care home scaling factors are shown separately in Table S 8).

Parameter

Description

Value

Source

Pc

1/vy

pserop,,s

1/ YSeropos

pserospec

Pserogens

Probability of
developing
symptoms after
becoming
infectious

Probability of
arriving at hospital
with a confirmed
diagnosis

Mean time to
confirmation of
diagnosis within
hospital (days)

Probability of
seroconversion

Mean time to
seroconversion
from infectiousness
(days)

Specificity of
serology test
Sensitivity of
serology test

0.6

0.25

2 days

0.85

13

0.99

Lavezzo et al. (44)

NHS (45)

CHESS (5)

Brazeau et al. (42)

Benny et al. (17)

Brazeau et al. (42)

Assumption as non-

distinguishable from time
varying seroconversion
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Table S 8: Age / care-home scaling factors

Age / care home -stratified scaling to probability of:

Hospitalisation Triage to Death for general ~ Death in ICU  Death in stepdown  Death in the community
if symptomatic Icu inpatients (Prcup) (Pwp) (Pep)
() (Picu) (PH,)
Population group Vi Yicy Wy Yicu, iy vé,
Age

[0, 5) 0.039 0.243 0.039 0.282 0.091 0

[5, 10) 0.001 0.289 0.037 0.286 0.083 0

[10, 15) 0.006 0.338 0.035 0.291 0.077 0

[15, 20) 0.009 0.389 0.035 0.299 0.074 0

[20, 25) 0.026 0.443 0.036 0.310 0.074 0

[25, 30) 0.040 0.503 0.039 0.328 0.076 0

[30, 35) 0.042 0.570 0.045 0.353 0.080 0

[35, 40) 0.045 0.653 0.055 0.390 0.086 0

[40, 45) 0.050 0.756 0.074 0.446 0.093 0

[45, 50) 0.074 0.866 0.107 0.520 0.102 0

[50, 55) 0.138 0.954 0.157 0.604 0.117 0

[55, 60) 0.198 1.000 0.238 0.705 0.148 0

[60, 65) 0.247 0.972 0.353 0.806 0.211 0

[65, 70) 0.414 0.854 0.502 0.899 0.332 0

[70, 75) 0.638 0.645 0.675 0.969 0.526 0
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[75, 80)
80+
Care home
CHW
CHR

1.000
0.873

0.104
0.873

0.402
0.107

0.784
0.107

0.832
1.000

0.134
1.000

1.000
0.918

0.519
0.918

0.753
1.000

0.114
1.000

Imperial College COVID-19 response team
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2 Supplementary Results

2.1 Model fitting
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Figure S 6: Model fits by region to PCR positivity for individuals aged >25 years (top row) and PCR positivity from
the REACT-1 study (bottom row). The points show the data and bars the 95% Cl. The solid line the median model

fit and the shaded area the 95% Crl.
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Figure S 7: Model fits to daily hospital deaths (top row), daily care home deaths (second row), ICU bed occupancy
(third row), general bed occupancy (fourth row), all hospital beds (fifth row), and all daily admissions (bottom
row) by region (columns). The points show the data, the solid line the median model fit and the shaded area the
95% Crl.
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2.2

Probability

Severity estimates

a) Probability of admission to ICU

Imperial College COVID-19 response team

b) Probability of death in general ward

c) Probability of death in ICU

1.00
0.75 1
0501 i

0.254

o

o

=1
1

IIIIHUi“

d) Probability of death in stepdown care

e) Probability of death by all pathways

1.00

0.754

0.504

0.25
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o
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Figure S 8: Fits to CHESS data broken down into one-year age bands. Blue ribbons show the 95% Crl of the fitted
spline, black circles and vertical segments give the raw mean and 95% Cl from the data (exact binomial).

DOI: https://doi.org/10.25561/85146

Page 43 of 48



22 December 2020

Imperial College COVID-19 response team

Table S 9: Age-stratified estimates of disease severity (*to 2sf, ~to 3dp)

Age stratified estimate of:

Age group  Proportion of infections who Proportion of infections who
were hospitalised* died

[0, 5) 3.0% (2.8%, 3.2%) 0.031% (0.027%, 0.034%)
[5, 10) 0.26% (0.24%, 0.28%) 0.003% (0.002%, 0.003%)
y . o (\U. o0, U. (0 . o \U. o0, U. (]
[10, 15) 0.084% (0.078%, 0.089%) 0.001% (0.001%, 0.001%)
) . o \U. o, U. o . o \U. o0, U. ()
[15, 20) 0.042% (0.039%, 0.045%) 0.000% (0.000%, 0.001%)
[20, 25) 0.080% (0.075%, 0.085%) 0.001% (0.001%, 0.001%)
» . o \U. o0, U. (0 . o \U. o0, U. (]
[25, 30) 0.26% (0.24%, 0.28%) 0.004% (0.003%, 0.004%)
, . o \U. o0, U. o . o \U. o0, U. ()
[30, 35) 0.40% (0.37%, 0.42%) 0.006% (0.006%, 0.007%)
[35, 40) 0.63% (0.58%, 0.67%) 0.013% (0.011%, 0.014%)
[40, 45) 1.2% (1.1%, 1.2%) 0.031% (0.026%, 0.035%)
) J7/0 (1.0, 2.17 . o \U. o0, U. ()
[45, 50) 1.9% (1.8%, 2.1%) 0.070% (0.061%, 0.080%)
[50, 55) 2.3% (2.2%, 2.5%) 0.116% (0.101%, 0.133%)
[55, 60) 4.0% (3.8%, 4.3%) 0.276% (0.242%, 0.315%)
[60, 65) 9.6% (8.9%, 10%) 0.867% (0.762%, 0.971%)
[65, 70) 10% (9.6%, 11%) 1.215% (1.070%, 1.352%)
[70, 75) 24% (22%, 26 %) 3.512% (3.083%, 3.900%)
[75, 80) 50% (46%, 53%) 8.430% (7.407%, 9.338%)
80+ 50% (47%, 54%) 9.696% (8.501%, 10.640%)
Combined 20% (13%, 27%) 34.132% (28.020%, 41.359%)
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2.3
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Supplementary counterfactual analysis
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Figure S 9: Counterfactual intervention scenarios in each England NHS Region: Panel A1-7 impact of locking
down one-week earlier Panel B1-7 impact of locking down one week later; Panel C1-7 impact of relaxing
lockdown restrictions two weeks earlier. Panel D1-7 impact of relaxing lockdown restrictions two weeks later;
Panel E1-7 impact of 50% less contact between care home residents and the general population; Panel F1-7
impact of 50% more contact between care home residents and the general population.
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