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1 Model Overview

In this section we provide a brief description to our model along with key de nitions. Full details about the tting procedure,
parameter assumptions, and model equations are provided in Selction 4.

The study period considered is from the 16th of March 2020 to the 24th of February 2022. This time frame considers
the roll-out of the initial vaccination programme and of the rst boosters programme in England, as well as the sequential
emergence and establishment of the variants of concern (VOCSs), Alpha, Delta and Omicron BA.1.

1.1 Model description

We adapt a previously described discrete-time (1/4 day time step) stochastic compartmental model of SARS-CoV-2
transmission (Figur@l‘) [1.2]3]. The model is an extended SEIR-type model, strati ed into 17 age groups: 16 ve-year
age bands (0-4, 5-9, ..., 75-79) plus a group of 80+ year-olds. Mixing between age groups is informed by survey data

[4].

Upon infection with SARS-CoV-2, individuals enter an exposed compartment, before becoming infectious. A proportion of
infectious individuals are assumed to develop symptoms, while the rest remain asymptomatic. All asymptomatic cases and
a fraction of symptomatic cases recover naturally, while the rest of the symptomatic cases develop severe disease requiring
hospitalisation. Of these, a proportion die outside hospital, while the remainder are admitted to hospital.

An important feature of our model is we explicitly model hospital ows (Fig{ird S1B), which has been previously used to
track and inform the epidemic response in England in real-time [5,/ 6,/ 7, 8]. Individuals entering hospital ows are triaged
for intensive care unit (ICU) admission or remaining in general beds throughout from where they can either die or recover
and be discharged. Those admitted to ICU, can either die in ICU or be transferred for stepdown care in general wards,
where they can either die or recover and be discharged. Hospitalised cases are either con rmed as SARS-CoV-2 cases
upon admission or may be tested and con rmed later during their stay.

Model compartments were expanded to account for six vaccination strata (see Se@tion 3 andble S3C). These strata
describe the recommended primary (two-dose) and boosters regimen common to the three vaccines predominantly used
in England during the study period: Oxford-AstraZeneca ChAdOx1 nCoV-19 (AZD1222) [9], P zer-BioNTech COVID-

19 Vaccine BNT162b2[10], and Moderna mRNA-12731[11] (henceforth referred to as AZ, PF, and Mod, respectively).
Vaccine strata further capture delays between receiving a dose and the onset of dose-speci ¢ vaccine e ectiveness (VE),
as well as waning of vaccine-induced immunity following second and booster doses (see @:tion 3.2).

The model was further extended to account for infection ows with two actively co-circulating variants (see Se@tion 2
and FigurD). In the context of this paper, we explicitly consider the Wildtype (Wuhan-like), Alpha (B.1.1.7), Delta
(B.1.617.2) and Omicron BA.1 (B.1.1.529) variants. For each subsequent VOC emergence and replacement period, we
t a two-variant model, with the emerging VOC seeded at a region-speci ¢ date determined by the model t. We model
waning of infection-induced immunity assuming protection against reinfection with the same variant for an exponentially
distributed duration with mean 3 year$ [12]. After waning, individuals are assumed to move back to the susceptible
compartment. Further, we model asymmetrical cross-immunity to a new SARS-CoV-2 variant (Section 2.5) for individuals
who have recovered from previous variants.

Please note that throughout our main manuscript and this supplement we use the term “susceptible' only to refer to
individuals in compartmentS, whereas “uninfected' refers to those in either ti80r "R (recovered) compartments.



Figure S1: Model structure ow diagram with rates of transition between states. (A) Extended SEIR transmission model
ow diagram overview. (B) Hospital ow diagram. (C) Vaccination ow diagram. (D) Multi-variant ow diagram. Model
state variables and parameters are presented in detail throughout this supplement; in particular, see section 4.

1.2 Reproduction number

We use two de nitions of the reproduction number throughout. We dencF{é as the reproduction number for variant
j (j = Wildtype Alpha Delta; Omicron in the absence of immunity at timeé, which varies only in response to tted



changepoints (e.g. changes in non-pharmaceutical intervention (NPI) policies). This is de ned as the average number
of secondary infections that an individual infected at tinhevith variant j would generate in an entirely susceptible and
unvaccinated population. In contrast, the e ective reproduction numb@ieff, for variant j at time t is the number of
secondary infections in the actual population, further accounting for immunity (infection- and vaccine-derived) and NPI
policies present at that time in the population. Hence, by de nitiol?itf"Eff Rt'

1.3 Fitting to data

The model is tted to multiple data streams from each National Health Service (NHS) region in England, as summarised
in Table S1, using a particle-Markov chain Monte Carlo (pMCMC) algorithm. Where age-bands are speci ed, we tted to
data by age. Pillar 2 testing, hospital admissions and deaths (community and hospital) were pre-processed from linelist
(patient-level) data to aggregated timeseries.

For the case of hospital admissions, we counted patients on their date of rst entering hospital if coming from the
community within 14 days of a positive PCR test, or the date of a positive PCR test within hospital if already in hospital
when diagnosed with COVID-19, and only if their hospital stay was longer than 24 hours.

Please see details of the technical procedure used to run the model for the present analysis in Section 4.11.
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These data underlie the Gov.uk

dashboard data [13]

[14]

[15]

These data are collected as
part of [16].

[13]

These data underlie the Gov.uk
genomic surveillance reports
[17]

Table S1: Data sources and de nitions. All data are reported by NHS region or processed to match these regions



2 Variants of Concern

For model tting, we switch from a one-variant to a two-variant model on 17th September 2020 to capture the emergence
and spread of the rst variant of concern to emerge in England, the Alpha variant. Subsequently, we rotate the two variant
model, to capture the emergence and spread of the Delta and Omicron variants. Key di erences between the modelled
variants are summarised in the next subsections, these are:

1. Seeding dates.

2. Dierences in transmissibility between variants

3. Dierences in vaccine e ectiveness for each variant for various endpoints.
4. Dierences in severity between variants.
5

. Asymmetric cross immunity between the variants.

2.1 Seeding the epidemic with variants

We t seeding dates for each of the variantdiyjiqiype (Which corresponds to the start date of the regional epidemic),
talpha: tDelta @Nd tomicron (S€€ Table S12). The seeding is detailed more in section 4.4.2.

2.2 Serial interval of variants

For each region, we t a variant-speci ¢ transmission advantagg, of the emerging variant compared to the immediately
preceding one (e.g. Omicron BA.1 compared to Delta). We use a uniform prior between 0 and 3 (Table S12).

As previously described in publications from our group [1, 2, 3], we derived the expected duration in compartments with
the formula for mean backwards serial interval [18]:

, h i h i,
Elti,]°+ E[ti,]E t.r'w.cl ﬁ;E tie,

Elte]+ (1)

E[t|P]+ E t|Cl

Recent literature provides strong evidence that the relative rate of replacement of a new variant is sensitive to assumptions
of the mean serial interval ([19]). Across multiple settings it has been estimated that the mean serial interval of SARS-CoV-
2 has shortened with the emergence of variants of concern [20, 21, 22, 23]. We therefore explicitly modelled di erences in
the serial interval, by proportionally reducing the baseline serial interval of variants of concern compared to the Wildtype
variant (table S2). We achieve this for each variant by applyirqg tpe reﬂuctilon to the mean durations d&,the Ic, and

Ia compartments. However we assurme the same mean tifet Ql +E tig, = 4) from onset sypmtom to (possible)
I

hospitalisation across variants. Thus tlc2 also varies across variants.



Erlang duration parameters

Variant Mean Sl (days) % reduction Source Compartmenky g)'( Mean
E 2 087 2:31
Ia 1 035 2:88
Wildtype 5.2 - [24] Ip 1 060 1:68
Ic, 1 047 2:14
Ic, 1 1:86
E 2 092 217
Ia 1 037 271
Alpha 4.9 6% [21] Ip 1 063 158
Ic, 1 050 201
Ic, 1 050 199
E 2 099 2:.01
Ia 1 040 2:51
Delta 4.5 13% [21] Ip 1 068 1:46
Ic, 1 054 1:86
Ic, 1 047 2:14
E 2 115 173
Ia 1 046 216
Omicron 3.9 25% [21] Ip 1 079 126
Ic, 1 062 161
Ic, 1 042 239

Table S2: Serial interval assumptions for the di erent variants

2.3 Vaccine e ectiveness by strain

We assume variations in vaccine e ectiveness across modelled strains. Estimates of vaccine e ectiveness were xed,
informed by relevant literature from England and/or the UK (see table S4). Both the variant-speci ¢ estimated trans-
mission advantages j, and vaccine e ectiveness were captured in the force of infection (see Section 4.4 Section 3 and
Table S4).

2.4 Strain relative severity

To account for potential dierence in disease severity of emerging variants of concern, we tted multipliers for the
probability of of hospitalisation pﬁ,ﬁ), admission to ICU |0|qu) and death @5), where j stands for the specic strain.
These probabilities where conditional upon transition to the immediately preceding severity pathway compartment (e.g.
py, upon infection with strainj) and relative to the immediately previous strain (e.gpS™¢™" for the probability of
hospitalisation upon infection with Omicron BA.1, relative to Delta). For further details of severity pathway probabilities,
see section 4.4.3.

2.5 Cross-immunity given previous infection

The level of cross-protection from prior infection is di cult to quantify. In-vitro antibody neutralisation studies have
reported that emerging variants are neutralised to a lesser extent by antibodies from previous infections with preceding
variants [25]. We model asymmetric cross immunity across variants, assuming that infection with emerging strain confers
perfect immunity against infection with the strain being replaced. We further assume that prior infection is only partially
protective against the new strain (see Table S11).

For reinfections (e.g. newly infected by Omicron following prior infection with an earlier variant), we assume that, if the
second infection is symptomatic, the probability of hospitalisation is reduced compared to individuals with no prior infection
history. In turn, we consider that if the infection leads to hospitalisation, the probability of death is also comparatively
reduced (see Table S11).

The probabilities of infection, hospitalisation or death by either strain "reset" to baseline assumptions once an individual's
infection-induced protection wanes and they re-enter the susceptible compartn®@#t, We assume an exponential
distribution for the time to natural immunity waning, with a mean of 3 years.



3 Vaccination

We modelled vaccination considering the AZ, PF and Model vaccines, all three approved for use in England by the Medicines
and Healthcare Products Regulatory Agency [9, 10, 11]. The model time horizon considered was from March 16, 2020 to
February 24, 2022, before the rollout of fourth doses (second "boosters") or the use of current multi-valent vaccines. As
such, neither of these vaccines were considered in this study. We thus explicitly modelled six distinct vaccination strata
(Wk, for k2 f 1;2;3;:::;60) representing the stages of VE detailed in Table S3 and illustrated in Figure S2.

Vaccination  Number Vaccine e ectiveness Description References
stratum of doses

Vo 0 None Non-vaccinated individuals. Section 3.4
Vi 1 None Individuals who have had their rst- Section 3.4

dose but are in a delay period of av-
erage 3 weeks (exponential distribu-
tion) until e ectiveness kicks in to
transition out of V.

\3 1 First dose e ectiveness Individuals with rst-dose VE 3 weeks [26, 27]
from date of rst vaccination.
V3 2 Full second dose e ective- Individuals are fully protected 1 week [28, 26, 27]
ness from date of second vaccination.
\/ 2 Reduced second dose ef Individuals with reduced second dost Section 3.2
fectiveness vaccine protection; transition fromVs

is randomly drawn from an exponen-
tial distribution with mean waning
time of 24 weeks.

Vs 3 Booster dose e ectiveness Individuals are fully protected 1 week [28]
from date of third ("booster") vacci-
nation.
Ve 3 Reduced "booster" dose Individuals with reduced "booster" Section 3.2
e ectiveness dose vaccine protection; transition

from Vs is randomly drawn from an
exponential distribution with mean
waning time of 24 weeks.

Table S3: Vaccination strata considered for individuals, corresponding schedule, and vaccine e ectiveness at each stage.

Individuals in our model move out of an unvaccinatég)(stratum at a rate determined by vaccine roll-out data and the
prioritisation strategy adopted by the UK government (Section 3.4). We only allow vaccination of individuals who are
not symptomatic and not hospitalised, i.e. only individuals in the following compartments can be vaccinated: susceptible
(9, exposed E), infected asymptomatic i), infected pre-symptomatic Ip) or recovered R). Whilst individuals in

other compartments are also strati ed by vaccination strata, we do not allow movement between vaccine stgtéof

them.

As previously described for our model [2, 3], in addition to the exponentially-distributed delay of mean 21 days between
the rst dose and onset of VE, we assume a xed 7-day delay between second and "booster" doses and onset of their VE.
These assumptions were based on studies of immunogenicity after SARS-CoV-2 vaccination [26, 27]. This is illustrated in
Figure S2.

While we generally assume that individuals can only move between successive vaccine strata, we assume that individuals
in V3 (full second dose e ectiveness) can receive their booster dose and moVe b&fore their e ectiveness has waned,
thereby skipping/s. The pool of individuals eligible for a booster dose is therefore thodg endV, (with no prioritisation

of one over the other).

3.1 Vaccine e ectiveness

The assumed values for vaccine e ectiveness (VE) are derived from both vaccine e cacy measured in clinical trials and
vaccine e ectiveness studies (Table S4). Where possible, data from the UK have been used and represent e ectiveness
of dosing schedules with an 12 week gap between doses. We assumed that there are no signi cant di erences in vaccine
e ectiveness by age, sex, or underlying health conditions [29, 30]. We assume VE against Wildtype is the same as
against Alpha. As previously describe for our model [2, 3], we assume that vaccine protection against symptomatic disease
also provides a similar level of protection against infection and that, in those individuals who do become infected after
vaccination, onward transmission is also reduced [31].



Figure S2: Vaccination strata duration and associated illustrative vaccine e ectiveness. Red lines depict points at which a
vaccine dose is administered. We assume an average 24-weeks to waning. Y-axis illustrates changing vaccine e ectiveness.
Vaccination strata are de ned in Table S3.

Alpha Delta Omicron Informed by

End point Dose AZ PF/Mod Az PF/Mod AZ PF/Mod

1 88% 89% 87% 89% 53% 53% [32, 33]
Death 2 (Full protection) 99% 99% 99% 99% 97% 97% [32, 33]

2 (Waned protection) 83% 90% 82% 90% 56% 56% [34, 35, 36]

3 (Full protection) 99% 99% 99% 99% 96% 96% Assume same as vs. severe disease.

3 (Waned protection) 62% 62% Assume same as vs. severe disease.
Severe 1 _ 81% 89% 81% 89% 53% 53% [37, 38, 39]
disease 2 (Full protection) 99% 99% 99% 99% 97% 97% [40, 41]

2 (Waned protection) 77% 90% 77% 90% 56% 56% [34, 35, 36]

3 (Full protection) 99% 99% 99% 99% 96% 96% [42]

3 (Waned protection) 62% 62% [42]
Mild 1 64% 79% 51% 51% 23% 37% [43, 38, 40, 41, 29, 44]
disease or 2 (Full protection) 92% 99% 87% 95% 41% 60% [43, 41, 29, 44, 45, 46]
infection 2 (Waned protection) 29% 77% 19% 49% 0% 0% [34, 35, 36]

3 (Full protection) 92% 92% 92% 92% 72% 74% [47]

3 (Waned protection) 0% 0% [47]

1 45% 45% 33% 33% 20% 20% [32]
Transmission 2 (Full protection) 45%  45% 40% 40% 40% 40% [32]

2 (Waned protection) 40% 40% 19% 19% 0% 0% [34, 35, 36]

3 (Full protection) 40% 40% 40% 40% 40% 40% [42]

3 (Waned protection) 0% 0% [42]

Table S4: Vaccine e ectiveness parameters for AstraZeneca (AZ), P zer (PF), and Moderna (Mod) by vaccine dose.
"Infection” refers to vaccine e ectiveness protecting an individual from being infected with SARS-CoV-2, whilst "trans-
mission" refers to the vaccine e ectiveness at preventing onward transmission by an infected individual. See Table S16 for
VE assumptions for booster and booster waned sensitivity analysis for the Omicron variant.

We model cases that require hospitalisation and are hospitalised, as well as cases that require hospitalisation but are
not hospitalised; for this reason we refer to vaccine e ectiveness agaesere diseasand not hospitalisation Vaccine

e ectiveness against severe disease, conditional on symptoms, acts on transition to both this compartment of individuals
and those admitted to hospital.

We do not model individual vaccines separately, instead vaccine compartments are type-agnostic, and for vaccine e ective-
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ness we compute an age-dependent weighted mean of each vaccine's e ectiveness. Weights for a given age group are the
proportion of each vaccine type administered to that age group as of the 24th of February 2022. Whilst we assume vaccine
e ectiveness does not vary by age, our weighted VE did vary across age groups, given the proportion of each vaccine (PF,
AZ or Mod) administered to each age group (from data) varied substantially (Figure S3) and VE varies between vaccines
(Table S4).

Figure S3: Proportion of each vaccine type: (Oxford-AstraZeneca (AZ), P zer-BioNTech (PF), Moderna (Mod)) dis-
pensed to each ve-year age band as of 24th February 2022. Data taken from UK Health Security Agency Immunisations
database for vaccine delivery and ONS population estimates for each age group.
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Figure S4: Vaccine e ectiveness in weeks since second dose of AstraZeneca (AZ, left column) and P zer (PF, right
column) vaccines against Alpha for death (top), severe disease, (middle) and mild disease/infection (bottom). We assume
the same protection against infection and mild disease. Turquoise diamonds show model parameters, and the purple points

estimates from data. We assumed that the Moderna vaccine has the same VE as PF.
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Figure S5: Vaccine e ectiveness in weeks since second dose of AstraZeneca (AZ, left column) and P zer (PF, right
column) vaccines against Delta for death (top), severe disease, (middle) and mild disease/infection (bottom). We assume
the same protection against infection and mild disease. Turquoise diamonds show model parameters, and the purple points

estimates from data. We assumed that the Moderna vaccine has the same VE as PF.
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Figure S6: Vaccine e ectiveness in weeks since second (left column) and third (booster, right column) dose of AstraZeneca
(AZ, top row) and P zer (PF, middle row) vaccines against Omicron for mild disease (top and middle rows) and severe
disease (bottom row). We assume the same protection against infection and mild disease. Turquoise diamonds show
model parameters, and the purple points estimates from data. We assumed that the Moderna vaccine has the same VE

as PF.
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3.2 Waning of vaccine-induced immunity

Vaccine-derived immunity is observed to gradually wane [36]. We assume that, upon receiving a second or booster dose,
individuals rstly progress to thé/s or V5 vaccination strata, respectively, granting full vaccine protection. The duration
spent in these strata is stochastic, with an individual's rate of progression drawn from an exponential distribution with a
mean duration of 24 weeks. Note this is a simplifying assumption we make, as in real-life studies it has been shown that
VE waning occurs gradually and continuously over time [34].

We t VE protection values from second and booster dos¥s énd Vs compartments), as well as reduced protection VE
values ¥4 and Vs compartments) for all vaccines and health outcomes such that the mean VE for an individual at any
time best replicates real world data. At the population-level, the exponential distribution waning model we employ yields a
mean protection against the outcomes modelled in line with reported literature (e.g. waned second dose protection against
death if infected with the Delta variant 20 weeks after vaccination of 0.89, compared to 84.8% (95% CI 76.2{90.3) from
Andrews et al. [36, 47]).

Due to the limited data available for waning e ectiveness against the Alpha variant, we choose to x the log-odds
di erence between full second dose VE and reduced second dose VE to be the same for each variant, assuming the

same proportion of protection drop-o from their initial full second dose VE for each variant. Mathematically,(¥)

represents the VE of vaccine/health outcome then we de ne the log odds a&(x) = log #X()X) . Thus, we x

that L(Reduced second dose VE vs. DgltaL(Full second dose VE vs. De)ta L(Reduced second dose VE vs. Alpha

- L(Full second dose VE vs. Alphdor each health outcome. Andrews et al. provide VE estimates for timeframes of
multiple weeks, against which we compared the mean population average VE from our continuous model output for the
timeframe indicated. For the 20+ weeks data we compared against our model average between 20 and 29 weeks, and for
the 25+ data we compared against the average between 25 and 30 weeks.These averages were t to the data via weighted
least squares, using 1/width of the associated 95% Cls reported with the data as the weights.

For rst dose VE estimates we assumed the 16+ age group Delta VE values as presented in supplementary table S6 of
Andrews et al. (2021) [36], however due to prioritised groups being vaccinated during the Alpha wave, the reported VEs
are unlikely to be generalisable to the public at large, and as such we assumed rst dose VE estimates for Alpha such that
L(First dose VE vs. Alpha L(Full second dose VE vs. Alpha L(First dose VE vs. Delfa- L(Full second dose VE vs.
Delta).

Where data was not available for certain outcomes (booster dose VE vs. the Alpha variant, booster dose VE against
death for the Delta and Omicron variants), we xed values following the logical requirements that VE against more severe
outcomes must be greater than that against less severe outcomes, and assuming that VE vs. the Alpha variant must be
greater than the associated protection against the Delta variant.

3.3 Conditional dependencies of vaccine-immunity

We present unconditional VE in Table S4 however our model is framed as a compartmental cascade of symptom severity.
Hence, unconditional VE values are converted to conditional in the model, as detailed in Table S5.

VE vs. Symbol / Calculation
Infection €inf
Severe disease €sp
Death €4eath
Severe disease given infection €spinf = b Gnt
(1 an)
€death €sD

Death given severe disease €geattisp =

(1 enf)(1 espjnf)

Table S5: Conditional vaccine e ectiveness values that we model.

3.4 Vaccine roll-out

The Joint Committee on Vaccination and Immunisation (JCVI) established an ordered list of individuals prioritised for
vaccination in the UK, rst prioritising care home residents and care home workers, and then other adults by decreasing
age and clinical vulnerability [48, 49].

15



We assume vaccine doses are delivered in England as reported in age-strati ed data from UK Health Security Agency
(UKHSA) and the Department of Health and Social Care (DHSC) [13].

16



4 Model Parameterisation and Fitting

4.1 Model compartments and parameters

status (described in Section 4.2). Finallydenotes the index of the vaccination stratum of individuals (wkthorresponding
to Vk as de ned in Table S3).

z'K(t) is the rate of movement from vaccination stratuknto vaccination stratumk+ 1 at time t, for individuals in group

i. Fork= 0, k= 2 and k= 4, this was set to match the observed number of daily rst, second and booster (third) doses
aimed to be given to each group at time stép For k= 1 this was set so that the average time to rst dose e ect is 3
weeks, while fok= 3 and k= 5, it was set so that the average time to waning of the second dose vaccine e ectiveness
was 24 weeks (see section 3.2). Note that due to the assumption that individuals can be boosted before the e ects of
their second dose have waned, vaccine-eligible individuals in str&ten® can additionally move tk = 5 at rate z"4(t)

(i.e. at the same rate as those whose second dose e ects have waned).

We de ne all model compartments and parameters in Table S6 and Table S7 below, and illustrate the model structure and
ows between compartments in Figure S1. The model assumes discrete time and four time steps are taken per day.

Erlang duration parameters

Compartment  De nition kx ox Mean

SK(t) Susceptible Determined by infection dynamics

EGik(t) Exposed (latent infection) 2 g 2=g) (see Table S2)
RA0) Asymptomatic infected 1 gl 1=g} (see Table S2)
157%(t Presymptomatic infected (infectious) 1 g 1=g} (see Table S2)
I(iélj;k(t) Symptomatic infected (infectious) 1 Q(jtl 1:Qj;l (see Table S2)
Igzj;k(t) Symptomatic infected (not infectious) 1 géz 1:91142 (see Table S2)
Gi[;,j;k(t) Severely diseased, leading to death (in the communi 2 0:67 3:00

Diik(t) Deceased (as a result of COVID-19) - - -

Hi™(t)  Hospitalised on general ward leading to death 2 0:1%hg(t) 10:33=hy(t) (see Equation (38))
HiR”';k(t) Hospitalised on general ward leading to recovery 1 0:09g(t) 10:67=hy(t) (see Equation (38))

ICURE(t)  Awaiting admission to ICU 1 0:40 2:50

ICUS (t)  Hospitalised in ICU, leading to death 2 017 1179

ICU\i,\;,i;k(t) Hospitalised in ICU, leading to recovery 1 0:06 1561

ICU\i,\‘,g);k(t) Hospitalised in ICU, leading to death following step-1 014 697

down from ICU

W,Qj;k(t) Step-down recovery period 2  0:16hg(t) 12:22=hy(t) (see Equation (38))
WEi;j;k(t) Step-down post-ICU period, leading to death 1 012nhg(t) 8:06=hy(t) (see Equation (38))
RiIK(t) Recovered 1 1=1095 1095

80);[80+) g), j for variant (j 2 f Wildtype;Alpha;Delta;Omicrorg andk for vaccination strata k2 f Vo; V1;:::Vsg. Durations
have Erlandkx;gx) distributions, with mearnkx=gx. See Section 2 and Section 3) for further details.
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Parameter De nition
| “FK(t)  Force of infection.

(0% Rate of progression from compartmenrt
a(t) Rate at which uncon rmed hospital patients are con rmed as infected.
e Probability of being symptomatic if infected.

pi,;j;k(t) Probability of admission to hospital, conditional on symptomatic infection.
p'é’D;k(t) Probability of death for severe symptomatic cases outside of hospital.
p (1) Probability of COVID-19 diagnosis con rmed prior to admission to hospital.
p:éu (1) Probability of admission to ICU, conditional on hospitalisation.
p',j_,’D;k(t) Probability of death for hospitalised cases not in ICU.
p'lC‘L'J‘D (t)  Probability of death for cases in ICU.
p{,;\}D;k(t) Probability of death for cases after discharge from ICU.
zK() Rate of movement from vaccine stratato k+ 1.

Probability of being protected against infection with variafptfor those recovered from earlier variants

il relative to those in the susceptible class.

Table S7: De nitions of model parameters shown in Figure S1. These parameters de ne the routes of progression through
model compartments de ned in Table S6.

4.2 Modelling of variants

We use thej dimension of the model to model variants. At any one time, there are two active varigitgnd jo. If
an individual in theS compartment gets infected with varianj; they will move into thej; layer in the j dimension for
subsequent compartments, and similarly thg layer if infected by variant,.

We also model reinfections: if any individual in tiecompartment gets infected with varianf; then they will move into

the "' layer in the j dimension of theE compartment, and similarly thg"" layer if infected with variantj,. These
additional layers allow us to account for a prior infection o ering protection against severe outcomes. Note that within
our model an individual can move from thHe compartment to theS compartment - it is assumed that in doing so they
lose all immunity and any potential subsequent infection is not modelled as a reinfection.

We thus have four layers in most compartments withj alimension: j = ja; j2; j£""; j5°"". The sole exception is th&

compartment where we have an additional lay@y, accounting for individuals recovered from historic variants.
We have three two-variant phases within our model:

1. ji= Wildtype j2= Alpha ju = fg

2. j1= Alpha j, = Delta, jy = fWildtypeay

3. j1 = Delta, j» = Omicron jy = fWildtypeAlphag.

Thus, within each phase variank is the newer variant. We assume that individuals in tRecompartment can only get
infected by a variant newer than the one they are recovered from. Hence, individuals recoveregifroam get infected

with variant j; or j2, those recovered fronj; can only get infected by varianj,, and those recovered from variarb
cannot get infected. Note that we assume that vaccine protections are independent of whether an infection is a reinfection
or not.

At the point of switching between phases, individuals in tRecompartment in layer§; and jfi”f move to layerjy, while

individuals in layerg, and j¥"" move to layersj; and j ", respectively. Meanwhile, in all other compartments withj a
-reinf

dimension, individuals in layeis and jfi”f will remain in those layers, and individuals in laygssand j,~ will move into
the j; and j’"" layers, respectively. Th¢ and j¥"" layers across all compartments are then empty for the introduction

of the new variant.

4.3 Parallel ows

In addition to compartments involved in the transmission dynamics and clinical progression, there are three parallel ows
which we use for tting to testing data from surveys: (i) one for PCR testing and (ii) two for serology testing (Figure S7),
with separate ows used for testing with the Eurolmmun and Roche N assays.
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The PCR ow is used for tting to data from the REACT-1 study and ONS infection survey. Upon infection, an individual
enters the PCR ow in a pre-positivity compartmenfcrg,.) before moving into the PCR positivity compartmenTgcr,,s)

and then ultimately into the PCR negativity compartmenTicg,,). We model the the duration of PCR positivity as an
Erlang distribution. As previously detailed for our model [2, 3], we assume a mean of 12 days for this distribution (see
Table S8).

With regards to the serology parallel ows, we used Eurolmmun for testing NHS Blood and Transplant (NHSBT) samples
from the rst wave onwards, while Roche N only started being used in November 2020. Roche N tests only for seropositivity
resulting from infection, whereas Eurolmmun does not distinguish between seropositivity resulting from infection or from
vaccination. Since our serology ows are only designed to capture seroconversion resulting from infection, we do not t to
samples using the Eurolmmun assay from 15th January 2021 onwards as we can expect the vaccination to impact beyond
this. After a pre-conversion periodlf,q —for Eurolmmun,Tserc%re for Roche N), individuals can seroconveﬂrsgr%s

for Eurolmmun,Tsem%os for Roche N) or not (rsequeg for Eurolmmun,Tsercﬁeg for Roche N) ; if they do seroconvert, they
eventually serorevert td’serc%eg or Tsercﬁeg accordingly.

Erlang duration parameters

Compartment De nition kx O Mean
T,;CRpre(t) Pre-PCR positive 1 0:5 2
TF',CRPOS(t) True PCR positive 1 0083 1205
Tﬁcaqeg(t) True PCR negative (after infection) - - -
Ts_[er 0}Jre(t) Pre-seropositive for Eurolmmun assay 1 ©077 13
T;er 0}m(t) True seropositive for Eurolmmun assay 1 0:0025 400
T%er dieg(t) True seropositive (after infection) for Eurolmmun assay - - -
Ts_ler (%re(t) Pre-seropositive for Roche N assay 1 0077 13
Tsier (%Os(t) True seropositive for Roche N assay 1 G001 1000
T! (1) True seropositive (after infection) for Roche N assay - - -

serdeq

Table S8: De nitions of model parallel ow compartments shown in Figure S7, with indiceisfor age group (2
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Figure S7: PCR positivity and seropositivity model structure ow diagram. Upon infection, an individual enters the
pre-positive PCR compartmentlgcg,,.) before moving into the PCR positivity compartmenticr,,;) and then into the
PCR negativity compartment Tecg,). After a pre-conversion periodT{erq,.), individuals can seroconvertlierg,,s) Of

not (Tserq,eg); if they do seroconvert, they eventually serorevert ¥rq,q,-

4.4 Egquations
4.4.1 Force of infection

We let c''Ik be the susceptibility to variang of a susceptible individual in groupand vaccine stratunk, relative to a
non vaccinated individual (so that"*° = 1 for all i and j), given by

c'=(1 ;s )

Wheree:;,jf;k is the vaccine e ectiveness against infection of varignin vaccine stratak (Table S5), scaled across vaccine
types according to the distribution presented in Figure S3.

We let x''I* be the infectivity of an individual in group and vaccine straturrk infected with variantj relative to a

non vaccinated individual infected with the Wildtype variant (so thef1dype0 = 1) This infectivity captures both the

vaccine e ectiveness against infectiousness as presented in Table S4 and also the increased transmissibility of an emerging
variant compared to the one being replaced. As su¢tX is equal to

xX=(1 s ;; ©)

where e:n‘Sk is the vaccine e ectiveness against infectiousness of varipuih vaccine stratak as de ned in Table S4,
scaled across vaccine types according to the distribution presented in Figure S3 jaadhe region-speci ¢ transmission
advantage of variant over the Wildtype which we further parameterise as

3 1 if j = Wildtype

_  SwildtypeS Alphawildtype If ] = Alpha (@)
3 S AlphaS Delta=Alpha if j = Delta
. S DeltaS OmicrorDelta if ] = Omicron

and we t S ajphawildtype S Delta=Alpha @Nd S omicroreDeltas Which are the region-speci ¢ transmission advantages of the Alpha
over Wildtype, Delta over Alpha and Omicron over Delta, respectively. We use uniform prior distributions between 0 and
3 for each of these (Table S12).

We let Q;;j:x(t) be the number of infectious individuals with variaptin groupi and vaccination stratunk, weighted by
infectivity, given by:
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5k i;jik i;jik .
Quijk(t) = X g 1) + 1570 + 127 (5)
whereq, is the infectivity of an asymptomatic infected individual, relative to a symptomatic individual infected with the
same variant, and in the same vaccination strata.

The force of infection,l “iK(t), of variant j 2 f j1; jog on a susceptible individual in grou f [0;5); :::;[75;80);[80+) g
and vaccination stratunk = 0;1;:::;6 is then given by

| WKty = ¢ R myot) & Qiojyalt) + Qpojreint yeolt) (6)
i0 kO
wherem;jo(t) is the (symmetric) time-varying person-to-person transmission rate from griéup groupi.

We let L7K(t) be the total force of infection on a susceptible individual in grdupnd vaccination stratunk, i.e.

Li;k(t): I i;jl;k(t)+ [ i;jz;k(t): )

We Iethi’nf be the parameter for cross immunity against infection with varignifable S7, given prior infection with earlier
variants. The force of infection of varianf; on an individual recovered from historic varianfg in groupi and vaccine
stratumkis (1 hj)l Livk(t). There is no force of infection of varianj on individuals recovered from varianjs or jo.
The force of infection of variani, on an individual recovered from variaft or historic variantsjy in groupi and vaccine

stratumkis (1 hj,)l LizK(t). There is no force of infection of varian on individuals recovered from variaijs.

myo(t) = b(t)cio; (8)

wherec;;jo is the (symmetric) person-to-person contact rate between age groapd i% derived from pre-pandemic data
from the POLYMOD survey [4] for the United Kingdom. For each region, thacialmixr package [50] was used to
regional population demography to yield the required person-to-person daily contact rate metiix,

b (t) is the time-varying transmission rate which encompasses both changes over time in transmission e ciency (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 (t) to be piecewise linear:

8
3 0; ift ti=1
b(t)— it b 1+ t 1b_. ift 1<t t'i2f2::: 3€g (9)
=R - t otq i1 i
b itt>t; =36

with 36 change pointg; corresponding to major policy implementations or lifting and other relevant changes in contact
rates (e.g. school holidays) (see Table S12).

4.4.2 Seeding of variants

We seed each variant at a daily ratef j, over a period oh; days from timet;. All seeding infections are from the S to
E compartment in the 15-19 year old group and unvaccinated class.

For the Wildtype we seed at a rate of 10 per million of the total regional population per day, over a 1-day period, so
f wildtype= m&i’\l' and Nwiidtype= 1.

For the Alpha, Delta and Omicron variants we seed each at a rate of 2 per million of the total regional population per
day, over a 7-day period, so fgr2 f Alphg Delta; Omicrory, f j = Wloooéi N'andn;= 7.

The seeding date$yidtype (Which corresponds to the start date of the regional epidemity)pha, tbeita aNd tomicron are
tted parameters (see Table S12).

The seeding rate in age groupand vaccine stratunk of variant j is then given by

21



f; ifi=[1520), j2 fWildtype Alphg Delta; Omicrorg, k= 0 andt; t<tj+nj;

Koy =
d™(t) 0 otherwise,

(10)
whered'1¥(t) is the daily seeding rate of variarjt(strati ed by age and vaccination strata).

4.4.3 Pathway probabilities and rates

The movement between model compartments is primarily dictated by the paramq]é‘r'g, de ning the probability of
progressing to compartmernt (Table S7), as well as rate parametegs These parameters vary between age groups (
variant of infection (), and vaccine strata ). Additionally, for some of these parameters, we allowed them to vary
over time by tting them as a piecewise linear function. Further details on the de nition of changepoints for piecewise
parameters are presented in the following section (Section 4.4.4). This section outlines how the pathway probabilities
de ning movement between model compartments are formally de ned and calculated. Some of the probabilities are
a ected by whether an infection is a reinfection or not. Equations are de ned f&f [0;5); :::;[75;80);[80+) g and
vaccination stratumk = 0;1;:::;6.

The probability that an infected individual will have a symptomatic infection depends only on their age dgrang is
given by (as in [1, 2, 3]):

0:25 for i =1[0,5)
. 0:26875 for i = [5,10)
pL= _ 0:325  fori=[10,15) (11)
2 0:41875 fori = [15,20)
0:55  fori=[20,25, ..[75,80), [80+).

The probability that a symptomatic individual has severe disease requiring hospitalisation is given pg, ffor; jg,
n 0

irj:k _ . i k .

k() = m|nnhH(t)yL| 1 e';qsympt P 1 ) (12)
i.ireinf. . H i
pil Kty= min gyl 1 e'slq'fsympt ph 1 h)y ;1 (13)

wherey,i4 represents the age scaling (such tl‘bah = 1 for the group with the maximum probability; this has been newly
tuned to the data and is given in Table S9), arg;(t) has a piecewise linear form with the following changepoints (see
Table S10):

_ P on (and before) 04/11/2%
hw (8) = ph3* on (and after) 31/12/21 (14)

and p& is a multiplier accounting for the changing severity of the variants of concern with respect to the Wildtype variant
(see Section 2.4):

8

5 1 if j = Wildtype
P WlldtypepAIphaz\Nlldtype if J = Al pha (15)
Py = 3 p IphapDeIta=AIpha if j = Delta,
. pll_?eltapgmlcron:Delta if J = Omicron
wherep/y'PhEWildtype , Delta=Alpha o , OmicrorDelta arq the relative probabilities of severe disease requiring hospitalisation

given infection for Alpha over Wildtype, Delta over Alpha and Omicron over Delta, respectively. We t these three pa-
rameters, see S12.

The probability that an individual dies in the community given they have severe disease is given pg, fgx; jog:

n (0]
PN = min hey(ys, 1 Eilanso Pbi 1 (16)
reinf.j . n . (0]
e ()= min hey(yl, 1 eilkiep Pb 1 hd i1 (17)
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wherehg, has a piecewise linear form with the following changepoints (see Table S10):

_ pgi on (and before) 01/05/2Q
hy (1) = pZ%% on (and after) 01/07/20; (18)
Y gy IS an age multiplier (newly tuned to the data and presented in Table S9), aéds a multiplier accounting for the
changing severity of the variants of concern with respect to the Wildtype variant (see Section 2.4):

5 1W_ _ if j = Wildtype
P Po |Idtypepélphazvv|ldtype if J = Al pha
Pp = pélphapgelta=Alpha if j = Delta (19)
pgenapgmicron:Delta if J = Omicron

Alphawil Delta=Alph icror=Del : . .
wherepp Prawidiype pDelta=Alpha 5 g pOmicrorDelia e the relative probabilities of death given severe disease for Alpha

over Wildtype, Delta over Alpha and Omicron over Delta, respectively. We t these three parameters, see S12.

The probability that an individual will be admitted to ICU given that they have been hospitalised is given hyj, Zor
fj1 20,
" n _ _ o
pidu(®) = min hicy(®)yicuPicy: L (20)
i-ireinf
Py (= Pu(® (21)
Wherey,iCU is the age scaling (as in [1, 2, 3] and presented again in Table §g),(t) has a piecewise linear form with
the following changepoints (see Table S10):

_ P&Y1 on (and before) 01/04/20,
heu®= gmac on 01/06/20, )
and ijCU is a multiplier accounting for the changing severity of the variants of concern with respect to the Wildtype variant
(see Section 2.4):

8
plv(\:/tljdtypeplAclsh@VVHdtype if J - Alpha

eu = 23
Picu 3 p;ﬁéIBhapI%ﬂta:Alpha if = Delta, 23)
pII(D:eLIJtapl(éﬂlcron:Delta if J = Omicron

wherepja W idype p DELeAIPha g p ATioOTPER are the relative probabilities of admission to ICU given hospitalisation

for Alpha over Wildtype, Delta over Alpha and Omicron over Delta, respectively. We t these three parameters, see S12.

The probability that an individual will die in general beds given that they are not admitted to ICU isj &f j1; j2g,
n 0
S

A1) = min pEROMYhy 1 icanso pbil ) (24)

j-ireinf. 3 ; i i
Pip, ()= min pRPho(yly, 1 €iliiep PS 1 h) 1 (25)
wherey,i4D represents the age scaling (as in [1, 2, 3] and presented again in Table S9) as in [1, 2, 3]hpé)dhas a
piecewise linear form with the following changepoints (see Table S10):

8
1 on (and before) 01/04/20,
nfi3* on 01/07/20,
nfid*  on 15/09/20,
nfis*  on 15/10/20,
hp(t)= _ nE%* on 01/12/20, (26)
;g" on 04/02/21,
nfig¢ on 01/04/21,
mgg*  on 04/11/21,

nggx on (and after) 31/12/21.
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The probability that an individual dies in ICU given that they are admitted to ICU is given by,jif j1; j20:
n 0

i;jsk — mi i S j .
p:CJUD(t) = min n p{]&ad([) hD(t)y |ICUD 1 eljjeatijD pIJD' 1 o (27)
.;.reinf;k _ . . .;.;k . . .
p:CJUD (t) = min pr&%xp hD (t)y |ICUD 1 e:jijeatljSD pIJD 1 h|JD ' 1 (28)

wherey |icuD represents the age scaling (as in [1, 2, 3] and presented again in Table S9).

The probability that an individual who has been in ICU dies in stepdown beds given that they have not died in ICU is
given by, forj 2 f j1; j20:

on _ )
b ® = min piFhoMyly, 1 eiliyeo Pl (29)
j-ireinf. n f i i 0

) = min piPho(ydy 1 €k P 1 hh i1 (30)

wherey\i,\,D represents the age scaling (as in [1, 2, 3] and presented again in Table S9).

Finally, the probability of individuals having had a COVID-19 diagnosis con rmed prior to admission to hospi(a), has
a piecewise linear form with the following changepoints:

8
% 0:1  on (and before) 15/03/20,

0:42 on 01/07/20,
b ()= 0:2 on 20/09/20,
0:45 on 27/06/21,
% 0:45 on 01/12/21,
0:33 on (and after) 01/01/22.

(31)

These were informed by data on COVID-19 admissions and inpatient diagnoses from NHS England [51]. Meanwhile,
the rate at which uncon rmed covid patients in hospital become con rmeag,(t), has a piecewise linear form with the
following changepoints:

1=2:1 on (and before) 15/03/20,
1=1:2 on 05/04/20,
1=1:2 on 15/09/20,
1=0:7 on 15/11/20,
1=1:3 on 10/12/20,
1=0:7 on 20/01/21,
1=0:4 on 01/08/21,
1=0:9 on 01/03/22.

@ ()= (32

VWY AN 00

These were informed by data on times to diagnosis from CHESS [52].

In addition, the duration rates for some hospital compartments are time-varying to account for changes in length of stay
over time. We let

e (1) = Ng(t)GHg (33)
GHp (1) = Ng(t)GHp (34)
Ine(t) = hg(t)One (35)
Inp (1) = hg(t) I, (36)

37)

wherehy(t) has a piecewise linear form with changepoints given by
% on (and before) 01/12/20,

on 01/01/21,

on 01/03/21, (38)
3 on 01/06/21,
' on (and after) 01/09/21.

hg(t) =

S885

I N N il
T W N B
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Age groupi  y}, Yo, Yicu  Yhy  VYicup  Yw
[0;5) 0.0149 0.0000 0.2428 0.0386 0.2823 0.0911
[5;10) 0.0027 0.0078 0.2891 0.0365 0.2861 0.0830
[10;15  0.0033 0.0033 0.3377 0.0353 0.2913 0.0775
[1520)  0.0065 0.0123 0.3894 0.0351 0.2991 0.0744
[20;25)  0.0129 0.0139 0.4426 0.0362 0.3103 0.0739
[2530)  0.0191 0.0129 0.5027 0.0391 0.3276 0.0760
[30;35  0.0269 0.0242 0.5697 0.0447 0.3526 0.0802
[3540)  0.0255 0.0420 0.6530 0.0552 0.3909 0.0860
[40;45)  0.0287 0.0604 0.7559 0.0743 0.4465 0.0927
[4550)  0.0336 0.0801 0.8659 0.1067 0.5196 0.1016
[50;55  0.0568 0.1054 0.9541 0.1568 0.6044 0.1167
[5560)  0.0769 0.1317 1.0000 0.2385 0.7047 0.1482
[60;65  0.1075 0.1679 0.9720 0.3528 0.8057 0.2113
[6570)  0.1364 0.2165 0.8544 0.5020 0.8988 0.3315
[70;75)  0.2452 0.2992 0.6454 0.6750 0.9692 0.5263
[7580)  0.4218 0.4327 0.4024 0.8319 1.0000 0.7531
[80+) 1.0000 1.0000 0.1074 1.0000 0.9178 1.0000

Table S9: Age multipliers for pathway probabilities. These were estimated using a progression model tted with MCMC
to age-strati ed linelist data from CHESS [52], as previously published by our group [1].

4.4.4 Time-varying severity parameters

Severity pathway probabilitiegy/ ™ (t), pidX(t), pg[;k(t) and p:;'D;k(t) are tted regionally as time-varying parameters using

a piecewise form, as de ned in the section above. We t as few changepoints as possible to: a) allow the model exibility
to capture variations in severity over time given underlying changes in healthcare practices and/or population healthcare
seeking behaviours (Table S10); and b) avoid over- tting and identi ability issues across di erent parameters governing

severity dynamics.

Parameter Dates Rationale Reference
04-11-2021 Approval and roll-out of novel outpatient
i (9 trsgtments for COVID-19 i [53, 54, 55, 56]
31-12-2021 '
heu (1) 01-04-2020 First hospital treatment protocols and use ——
Icu 01-06-2020 of dexamethasone established. [57. 58]
01-05-2020 Potent'ial change in healthcare seeking
hgp (1) behaviour or case management after the NA
01-07-2020 rst wave in the community/carehomes.
01-04-2020 First wave NA
01-07-2020 to 15-09-2020 Trough after rst wave NA
ho(t) 15-10-2020 to 01-12-2020 Winter 2020/21 wave NA
D
04-02-2021 Trough after winter 2020/21 wave NA
01-04-2021 to 04-11-2021 Approval and roll-out of novel
31-12-2021 oral treatments for COVID-19 [53, 54, 55, 56]

Table S10: Fitted changepoints for time-varying severity parameters with piecewise form. We explored alternative change
points for mp(t) in sensitivity analysis (see section 5.3).

4.45 Compartmental model equations

To clearly illustrate the model dynamics, we describe a deterministic version of the model in di erential equations (40)-(80),
followed by the stochastic implementation used in the analysis. Full de nitions of compartments and model parameters
are set out in Tables S6 and S7.
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Unless otherwise speci ed; refers to the sum across age groups (iie2 f[0;5);:::;[75,80);[80+) g), &; refers to the

sum across all comb|nat|ons of co-circulating variants, (jz, i, j&""), and & refers to the sum across all vaccination

strata (k2 f 0;1;:::;6Q).

In the following model equations we udg as an indicator function, such that

1 ifj2A,

W= g ifjza (39)

Further note that we split some compartments in two distinct compartments. For example, the exposed Eldds, is
modelled via two separate compartmentg! k1 and E"’k? (equations (41) and (42)). This is to be able to capture a
non exponentially distributed duration of stay in certain compartments; the split allows us to model the duration of stay
as an Erlang distribution instead (sum of independent exponential distributions) [59].

% = 2K A S At)+ Lisg(WZ OSB3 27Kt + L5024+ LK) k()
& diikn) R + grRiNK (40)
J
%:1@) = Ltj3jpg(D OO+ 17 e eon® (DL D)1 HKORIN()
1M (D(L YA RO+ RAITK(t) + 21 LBk L) (41)
+ Lsg(IZHOETR + dKD) gl 2+ 1392 BT

it = gi_Ei;J':k;l(t).,_ z1ik 1(t)Eiii:k 1;2(t)+ 1f59(k)zi;4(t)Ei;j;3;2(t) w2
g+ 2 () + Liag(2() ENTRA()

i;j:k ) B N
mﬂfn= Lope BT+ 2 IO N0+ 1isg9z 0)17() (43)

gh+ 2K + Lrag(K)Z54() 157

dIIID‘J’k(t) — i jEi;j;k§2(t)+ Zi;k 1(t)|i;j:k 1(t)+ 1 (k)zi§4(t)|iij;3(t)

g+ 27K + Leag(K)ZH4(t) 157(t)
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We used the tau-leap method [60] to create a stochastic, time-discretised version of the model described in equations (83)
- (223), taking four update steps per day{= 0:25 days).

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 compartntend compartments
Ia or Ip or to the next vaccination strata withirg), for conciseness, we write

;K. sk 4ishik ; i;jk; R 1 RN 1 SR 1 M
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X21p;lp;v
where dridioveis a dummy variable counting the number of individuals remaining in compartnignt2. We also omit
the time dependency i.e. we usg} or g instead ofdgi(t) or ogli(1).

Using this convention, transition variables are drawn from the following distributions, with probabilities de ned be-
low:
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Model compartments were then updated as follows (Note tldgl'El = ngEZ = 0):
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Note that the tted seeding dates of the epidemidyiidtype), Alpha variant fapha), Delta variant (peira) and Omicron
BA.1 variant tomicror) have continuous support. The seeding process (see Section 2.1) is handled within the discretisation
to four update steps per day such that:

if i =[1520), j 2 fWildtype Alpha Delta; Omicrorg, k= 0

A fifi(t)
iikety = it
d™(0) 0 otherwise, (225)
where
8 | LU . jt‘k
% F & Ift:i?tkdit i K
i i MR .
(0= i if dt i <g< dt 4 +n; (226)
BT d o ift=dt J o+ n
E dt  dt ' dt j
0 otherwise.

wherebh:.c and d:.e denote the oor and ceiling functions respectively.

4.5 Observation process

To describe the epidemic in each NHS region, we tted 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 the community, population serological
surveys, PCR testing data and Variant and Mutation (VAM) data (see Table S1).

4.5.1 Notation for distributions used in this section

If X Binom(n; p), then X follows a binomial distribution with meanp and variancenp(1 p), such that
. n
P(X= %)= Peinom(§m; p)=  p(1 P (227)

IfY NegBinom(m;k), thenY follows a negative binomial distribution with mean and shapek, such that

ak+y) k K m VY
yigk) k+m k+m

P(Y = y) = Peginor(Yim; K) = ; (228)

whereG(x) is the gamma function. The variance df is m+ m?=k.

If Z BetaBinon{n;w;r ), then Z follows a beta-binomial distribution with size, mean probabilityw and overdispersion

parameterr , such that

n B(z+an z+b)
B(a;b) '

P(Z= 2) = PgetaBinon{ZMW;r) = (229)

wherea=w L'  p= (1 w) 1% and B(a;b) is the beta function. The mean of Z isw and the variance is

r

nw(l w)[1+(n Dr].

In the following, we usé to represent a day with observations. Note that di erent data streams had di erent sets of days
with observations.
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4.5.2 Hospital admissions and new diagnoses in hospital

We representedr’, (t), the daily number of conrmed COVID-19 hospital admissions and new diagnoses for existing

underlying hidden Markov proces¥;, (t), de ned as:

Xam (1) = ézé, ék. d;cjll-iR + dlic;;j;ﬁD + dli;cj;;|ié:upre + thRkHR + dligl;Jkpre;ICUpre + dli(;ljl;JkWR;ICUWR
+ d:;cj&%ncuWD + d\I/vJDkva + dl'_lth;H dLLkHlE)Z + d;_lleHZDz + d,'éLlfDléuD (230)
+ddiicu, + ddliicu, * O+ Sikig + O * dUpeicua,
+ dli(;Zjl;Jkpre;ICUWD + dlié:jtlJ(pre;ICUD + d:é:ja(WD w, T d:é:jt;JkWR W
which was related to the data via a reporting distribution:
YZ(t)  NegBinom XZ, (t);ka : (231)

We allow for overdispersion in the observation process to account for noise in the underlying data streams, for example

due to day-of-week e ects on data collection. We t the overdispersion parametgr= ﬁ

The contribution to the likelihood of the data on hospital admissions and new diagnoses in hospital in agez veasd
therefore:

L adm= O C) Iq\legBinom Y;dm(t) ngm (t); ka (232)
t 2Z54m

4.5.3 Hospital bed occupancy by con rmed COVID-19 cases
The model predicted general hospital bed occupancy by con rmed COVID-19 cXges{t) as:

pre

Xoosd) = & & 8 HEH+ HE™ U0+ HEM20 + 1cUE 0+ WET O + Wi+ Wi 5 (289)
i ok
which was related to the observed daily general bed-occupancy via a reporting distribution:
Yhosp (t)  NegBinom Xnosdt);kn : (234)
Similarly, the model predicted ICU bed occupancy by con rmed COVID-19 caxes,(t) as:

Xeu() = § & & 1CUL M)+ ICUL )+ 1Icug™ 0+ 1cug™ () (235)
i j ok

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

Yicu(t) NegBinom(Xicu(t);kn): (236)

We t the overdispersion parametesiy = ﬁ which we use for both general hospital bed and ICU bed occupancy.

The overall contribution to the likelihood of the data on general bed and ICU bed occupancy was:
L beds= (N) PNegBinom Yhos;{t) xhosp(t);kH
t

. , (237)
O Ruegainom(Yicu (1) jXicu (t);kn ) :
t
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4.5.4 Hospital and community COVID-19 deaths

We considered(ghosp(t), the reported number of daily COVID-19 deaths in hospitals in age ba@dZp (Zp = f[0;50);

[50;55);[55;60):::;[75;80);[80+) g), as the observed realisation of an underlying hidden Markov prooq%hsoép(t), de ned
as:

— 2 02 0 i;j:k i;j:k i;jik i;j:k i;j:k i;j;k .
Xéhosp(t) = ? a ak d|I'|IJD;D + dh:) ot dIICJUD;D + d|ICJUD ot d\ll\/:g;D + d\I/\/]D D (238)
i2z j

which was related to the data via a reporting distribution:

thosp(t) NegBinom Xéhosp(t);thOSp : (239)

Similarly, we represented the reported number of daily COVID-19 deaths in the community in agezi2adgd, chomm(t),
as the observed realisations of an underlying hidden Markov proo%sc%m(t), de ned as:

X eomn(® = & 8 & dillp; (240)
i2z j k

which was related to the data via a reporting distribution:

Yoeomn (D) NegBinom X5 (t);Kpeomn - (241)

We t the overdispersion paramete@p,,,,, = ﬁ for hospital deaths anép,,,,,= —— for community deaths.

hosp chomm

The overall contribution to the likelihood of the data on COVID-19 deaths in hospitals and the community was:

L deaths= CN) CN) PNegBinom YDhosp(t) XDhosp(t);thosp
¢ 27 | (242)
O O PNegBinom(YDcomm(t)JXDcomm(t); chomm)

t 27p

45,5 Serosurveys

We model serological testing of all individuals aged 15-64 inclusive, and de ne the resulting number of seropositive and
seronegative individuals (were all individuals aged 15-65 to be tested) from serologyj here j = 1 corresponds to
Eurolmmun andj = 2 to Roche N), as:

X_; (t):= [6%65) T () (243)
serchos 1520 *Tbos

[6%65) :
X M= & N X_; (0 (244)
serdheg {1520 serchos

We compared the observed number of seropositive resmstesrdm(t), with that predicted by our model, allowing for i)
the sample size of each serological S““’%er t(t) and ii) imperfect sensitivity Pserq,) and speci ity (Pserq,ed Of the
serological assay:

Yeer %S(t) Binom Y_, dest(t);wsempos(t) (245)
where:
Wserd'm(t) - pser%eng(se;cj)os(p "('t) j- Xpse_r%z; Xserdwg(t): (246)
serdhos sertheg
The contribution to the likelihood of the serosurvey data was:
Lsero= O O Roinom Yoergo (O Xeord, (D Worg, (1) (247)

t j=1;2
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45.6 PCR testing

As described in the data section (section 4), we tted the model to PCR testing data from three separate sources:

Pillar 2 testing by age: government community testing programme, which recommended that symptomatic individuals
in the community with COVID-19 symptoms were tested. [13].

REACT-1 by age: study which aimed to quantify the prevalence of SARS-CoV-2 in a random sample of the England
population between 07-05-2020 and 31-03-2022 (note data was capped for analysis on 24-02-20222). [14].

" ONS survey: government weekly infection survey which aims to quantify the prevalence of SARS-CoV-2 in a random
sample of the UK population (completely independent from REACT-1) on an ongoing basis. [15]

We tto Pillar 2 PCR test results for each age bare? Zp, (Zp, = f[15;25);[25;50);[50;65); [65; 80); [80+) g) and assume
that individuals tested through this government programme were either newly symptomatic SARS-CoV-2 cases (who will
test positive):

Xp2p0e(l) = élzéjl a dilic, (248)

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

X = G AN X5 (O (249)

i2z

where , o
(1) = pre  if tis a weekday (250)

Prcw if tis a weekend day

is the probability of non SARS-CoV-2 cases in age bartthving symptoms consistent with COVID-19 that might lead
them to get a PCR test.

We compared the observed number of positive PCR te‘ﬁgbos(t) with that predicted by our model, accounting for the

number of PCR tests conducted each day under pillah(gaest(t), by calculating the probability of a positive PCR result
(assuming perfect sensitivity and speci city of the PCR test):

Xézpos(t)
Xézpos(t) + Xézneg(t)

Wiy (1) = (251)

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 parametepy,, which we tted separately for each region in the modelling framework:

Y,Ezpos(t) BetaBinom YFleesl(t);WFZ,Zpos(t);rpztest : (252)

We incorporated the REACT-1 PCR testing data for each age ba@dr; (Zr1 = f[5; 24);[25; 34);[35; 44); [45;54);[55; 64);
[65+) g) into the likelihood analogously to the serology data, by considering the model-predicted number of PCR-positives,
Xélpos(t), and PCR-negatives}(,élneg(t):

Xetposlt) = A Tocr,e(1); (253)
i2z
|
XRtneg(D) = an' X&tpos(D): (254)
i2z

We compared the daily number of positive results observed in REACWFi-llﬁbs(t), given the number of people tested on

that day, Yéltest(t), to our model predictions, by calculating the probability of a positive result, assuming perfect sensitivity
and speci city of the REACT-1 assay:

P EN )
Wy, (1) = pos (255)
Rlpos xélpos(t) + XFZ%lneg(t)
S0
VRipesD)  BINOM Y&, (6); Wy, (1) (256)

37



Finally, we tto ONS PCR testing data, for which the pool of testing is individuals aged 2 years and over. We consider the
model-predicted number of PCR-positivepns,.s(t), and PCR-negativesXons,(t), in the population eligible for ONS
PCR testing:

BoH)
XoNgedt) = = é%éim(t) A ThcreD): (257)
|[5'10)
3 80+)
Xonse®) = gNO+ 8 N Xonged(t); (258)
i=[5;10)

and we compared the daily number of positive results observed in the ONS infection s¥swgy,(t), given the number of
people tested on that dayfons.(t). to our model predictions, by calculating the probability of a positive result, assuming
perfect sensitivity and speci city of the assay:

XoNgos(t)
Wi t) = 259
ONS)os( ) XONSpos(t)+ XONsleg(t) ( )
S0
YoNges(t)  BINOM Yongeq(t); Wong,es(t) (260)
The contribution to the likelihood of the PCR testing data was:
L pcr= O O Psetainom Y P2pod(t) Yg,, . (1); szpos(t) I P2iest
t 22sz
O O Psinom YRlpos(t) Ythest(t) WRlpOS(t) (261)
t 27Zm

OPBinom YONS)os(t) YONSeSt(t);WONSJOS(t)
t

4.5.7 Variant and Mutation data

To inform the replacement of the Wildtype variant by the Alpha variant, the Alpha variant by the Delta variant and the
Delta variant by the Omicron variant, we tted to Variant and Mutation (VAM) data. During each stage we have a variant
pair (j1;j2), where j, is the emerging variant. We assume that samples tested for VAM are newly symptomatic cases
(across all age groups), with the number for variarjtsand j, given by

.reinf, K

Xvam () = & & A+ dh . (262)
ik
itip: k i ]relnf K
Xvam(t) = a a dindc, * At (263)

We compared the observed number of varigatVAM test results, Yy am,(t) with that predicted by our model, accounting
for the combined number of varianj; and j» VAM test results each dayYyameq(t), by calculating the probability of a
variant j, VAM test result:

Xvam (t)

t) = 264
Wang (1) Xvam (1) + Xvam (1) (264)
o)
Yam, (1) BINOm(Y amex(t); Wvam, (1)) : (265)
The contribution to the likelihood of the VAM data was:
L vam = O Painom (%ram, () Y ames(); Wvam, () (266)
t

4.5.8 Full likelihood

The overall likelihood was then calculated as the product of the likelihoods of the individual observations, i.e.:

L =Ladm Lobeds Ldeaths Lsero LpPcr Lvam: (267)
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4.6 Reproduction number

Both R} and Rtj;e” are calculated using next generation matrix (NGM) methods [61]. Note that in this calculation only,
we make a simplifying assumption that individuals cannot change vaccine strata between initial infection and the end of
their infectious period (or death).

To compute the next generation matrix, we calculated the mean duration of infectiousness weighted by infectivity (asymp-
tomatic individuals are less infectious than symptomatic individuals by fagigy for an individual in group and vaccine

stagek, D*: hoo
0= ai, 1 pt Elty]+ pt Eltpl+E tig, (268)

Note that Di;k does not depend orj, as we assume the same duration spent in compartments and probability of being
symptomatic between variants. The next generation matrices for variar{ti = Wildtype Al phg Delta; Omicror) were
calculated as,

NGMd(t) = mye(t)x DN’ (269)

wherex is the infectivity of an individual (fully de ned in eq. (3))N' is the total population of age group, and with
R/ taken as the dominant eigenvalue of the 17 by 17 matGMi(t). The eIementNGM';io(t) is therefore de ned as
the average number of secondary cases that an individual in age grinfpcted with variantj at time t would generate
among a fully susceptible age groifp

The e ective next generation matrices for co-circulating variantsand j, were calculated as

NGMES oo (0 = m®)c ISk §%(m+ (1 hy,) RO (270)
NGME 00 = mde kol s¥m+(1 ny) RO+ RY ¥+ R @)

as the dominant eigenvalue of the 119 by 119 matGMi€ff(t) .

We calculate the reproduction numbers weighted by the two co-circulating varignend j, (see Section 4.5.7) as

_ Wi, (R + w,(OR?
R= le(t.)+ Wi, (t) | (272)
Rteff — le(t)RtJl;eff + sz(t)Rtjzgeff; (273)

le(t)+ sz(t)
where the weightingsv;(t) are weightings based on the infectious prevalence of each variant (accounting for the baseline
relative infectivity of each compartment), such that fgr= jy; j2,

i-ireinf. i.ireinf. i-ireinf.
wi= 348 a, WO+ THO O T o il o T
ik

) (274)
4.7 Basic and e ective severity
We estimated the basic and e ective severity by strain parametrically.

The infection hospitalisation ratio (IHR, probability that an individual infected at tirhevill be hospitalised given pathway
probabilites at timet) for an individual in age group and vaccine clask infected with variantj is derived from the model
as

IHRU() = pepd“(O(L P (®): )

The hospital fatality ratio (HFR, probability that individual hospitalised at timtewill be die given pathway probabilites at
time t) for an individual in age group and vaccine clask infected with variantj is derived from the model as

HFRT* )= 1 pdi®) pi‘o+ pidiondl, o+ plim 1 pidlo o (276)
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The infection fatality ratio (IFR, probability that individual infected at timewill be die given pathway probabilites at time
t) for an individual in age group and vaccine clask infected with variantj is derived from the model as

IFRE¥(t) = IHRUKHFRI*(t)+ pbpil (1) pGoIX(t): (277)

We then obtain overall estimates of e ective severity over time by weighting by the new infections (for IFR and IHR) or
new hospitalisations (for HFR) across age groups, variants and vaccine classses:

2 9

8id; 8N OIHRIXW)

IHR(t) = YL (278)
&id&;akn ()
28 &, IR OHFRITK(
PR = SR B (279)
ETEPIG)
2 2 o I]k ik
& t)IFRI(t
IFRy= 21&18km (0 ®. (280)

o o o (| k
ajdjagn (e

wheren' 2k k(t) and n' i k(t) are the number of new infections and hospitalisations, respectively, at tirfae age groupi,
variant j and vaccine clask.

Additionally we obtain estimates of e ective severity over time for age grougiven by

& & KO IHRITK()

IHR'(t) = o8
& an ()
- N () HF R (t
HFR() = 219k Ho ® , 0 52
AN ()
3 4 'Jk ijik
i i t)IFRUK(t
IFRI()= 212K : (I)Jk (t). o8
a;a O
and for variantj 2 f j1; j2g, given by
IHRJ e a ak n: B k(t)IHRi;j;k(t)+ nil;jreinf;k(t)IHRi;jreinf;k(t) .
( ) é' é ni;j;k(t)+ ni;jreinf;k(t) ( )
iak ' I
i _ éiék le(t)HFlek(t)+ n f;k(t)HFRi;jreinf;k(t)
HFR (t) - 2 o I J k | Jreinf;k (285)
ajak t)+n (t)
[ éiék IJk(t)IFRIjk(t)+ nlj (t)IFRi;jreinf;k(t)
IFR (t) - o o i)k |’J‘I'Einf;k (286)
diadg n M)+ n (t)

We de ned basic severity of variant at time as the IHR, IFR, and HFR for the variant among a fully susceptible (with
neither vaccine- nor infection-induced immunity) population at time For IHR and IFR, we weight across age groups
for infections using the eigenvector corresponding to the leading eigenvalue of the next-generation M@ik(t) (see
Equation (269)), and for HFR we weight further by the probability of hospitalisation. This gives

&, W (OIHR().

IHRI(t) = RTOREE (287)
i AW (D)IHRMIO(HFRT0(t)

HFRo(®) = & W (OIHRTO®M) (288)

IFR(j)(t)= & W ()IFRO(t) (289)

& wi(t) ’

WhereM (t) are the weightings from the eigenvector.
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4.8 E ective population-level immunity against infection

We calculate the e ective population-level immunity (EPI) in the susceptible and recovered populaiamq R compart-
ments) against infection with varianj by weighting individuals by 1 minus their susceptibility to varigntelative to an
unvaccinated individual in th& compartment. Thus unvaccinated individuals in tt&ecompartment are weighted®, and
we have three further types of individuals to account for

1. susceptible and vaccinated (vaccination-derived immunity only)
2. recovered and unvaccinated (infection-derived immunity only)

3. recovered and vaccinated (both vaccination- and infection-derived immunity, i.e. "hybrid immunity")

For the latter two, note that individuals in thék compartment recovered from variantg or j, are fully protected against
infection with variantj;, and those recovered from variaft are additionally fully protected against infection with variant
j2-

The e ective population-level immunity against infection with variaptdue to vaccination-derived immunity only is

EPl\j,(t):é__ké 1 ¢k Sk): (290)
i k>0

The e ective population-level immunity against infection with variafgtdue to infection-derived immunity only is
8 , .
< a; hlei;jHJO(t)+ Ri;jl;o(t)+ Ri;jrlelnf>;0(t)+ Ri;jzio(t)_'_ Ri;jEEInf;Q(t) if j= ju

EPI(t) = y N it L eint 291
O gy, RO+ RO + RIFO() + RO+ RO i = iy (29
The e ective population-level immunity against infection with variafptdue to hybrid immunity is
8 _ ,
- S&do 1 (1 hj)chik Rinkn)+ Riuk(t)+ RIT™ Kt + RiizK(t)+ Rilz k() if j= jo;
EPII{I(t): . ik ii kK iink -.-reinf.k i itk -.-reinf.k . . (292)
S &jdo 1 (1 hp)chlzk RUEK@E)+ RHUDK()+ R K(t) + RU2X(t)+ Rz (L) if j= ja
The e ective population-level immunity against infection with variaftis thus
EPIi(t)= EPL(t)+ EPI(t)+ EPI(1): (293)

For the overall e ective population-level immunity against infection, we weight by the same weightings used for the
variant-weighted reproduction number (see Equation (274)).

4.9 Fixed parameters

We used parameter values calibrated to data from 24th February 2022. We assume that the performance of the tests
(PCR and serological assays) are the same for all variants [2, 3].
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Parameter De nition Value Source

1=r Mean duration of natural immunity following in- 3 years Assumed
fection.
Psergyos Probability of seroconversion following infection. 0.85 [62]
1=Gserqye Mean time to seroconversion from onset of infe 13 days [63]
tiousness.
1:gsem})OS Mer;m duration of seropositivity (Euroimmun as-400 days [62, 64, 65]
say).
1:gser(%oS Mean duration of seropositivity (Roche N). 1000 days [62, 64, 65]
Pserapec Speci city of serology test. 0.99 [62]
Pseraens Sensitivity of serology test. 1 Assumed
NAlpha Probability of cross-immunity toAlphafollowing 0.95 Assumed as in [3]
infection with Wildtype
Npelta Probability of cross-immunity tdDelta following 0.85 [66, 67]
infection with Wildypeor Al pha
homicron Probability of cross-immunity tdOmicronfollow- 0.25 Assumed based on [68,
_ ing infection withWildtype Delta or Omicron 69]
h,L Probability of cross-immunity against hospitalise 0.85 for Alpha and Assumed as in [2, 3]

tion given infection with variantj, following prior Delta, 0.55 forOmicron
infection with a historic variant.
h,JD Probability of cross-immunity against death given0.18 forOmicron O oth- Assumed
severe disease with variant following prior in- erwise
fection with a historic variant.
i Infectivity of an asymptomatic individual, relative 0.223 [1]
to a symptomatic individual.

Table S11: Fixed model parameter notations, values, and evidence-base.

4.10 Prior distributions

Prior distributions are described in table S12. Informative prior distributions for the single strain model are the same as
prior distributions in the model given in [1, 2]. In the absence of evidence from the literature (or because existing evidence
has been derived from the same datasets we use in our study). Of note, we also chose to use uninformative (or weakly
informative) prior distributions for the parameters used to model variant replacements, including their transmissibility and
severity cross multipliers (see details in section 2.5).
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Table S12: Inferred model parameter notations and prior distributions

Parameter  Description Prior distribution 95% probability interval ~ Rationale
twildtype ~ Start date of regional outbreak (dd/mm/2020) U[01=01;15=03 (01/02 - 13/03)  Wide range of dates in early 2020 before our rst data point
taipha  Alpha seeding date (dd/mm/2020) U[17=09=2020 03-01-202] (17/09/2020 - 03/01/2021)  16-week window around rst Alpha case detection in England
tpeita  Delta seeding date (dd/mm/2021) U[08=03;24=07] (08/03 - 24/07)  20-week window around rst Delta case detection in England
tomicron  Omicron seeding date (dd/mm/2021) U[14=09;,01-01]  (14/09/2021 - 01/01/2022)  20-week window around rst Omicron case detection in England
SAlphawildtype  Transmission advantage of Alpha over Wildtype U(0;3) (0.075 - 2.925)  Wide range capturing epidemiologically plausible transmission ad-
vantages
Spelta=alpha  T@nsmission advantage of Delta over Alpha U(0;3) (0.075 - 2.925)  As above
SomicroreDelta  Transmission advantage of Omicron over Delta U(0;3) (0.075 - 2.925)  As above
b(t) Transmission rate (pp) at t = dd=mmryy
b1  16/03/20: PM advises WFH and essential travel G(136,0:0008 (0.0918,0.0128) Range corresponding to a basic reproduction numbers between
only 2.5 and 3.5 consistent with [70, 71]
b,  23/03/20: PM announces lockdown 1 ((3:73,0:.0159 (0.0147,0.128)  Corresponding to RO between 0.9 and 3.5, consistent with a%
to 75% relative decrease from RO
bz  25/03/20: Lockdown 1 into full e ect ((4:25;0:0120 (0.0147,0.110) Corresponding to RO between 0.4 and 3, allowing a further de-
crease in contact rates due to NPIs
b,  11/05/20: Initial easing of lockdown 1 ((4:25;0:0120 (0.0147,0.110) As above
bs  15/06/20: Non-essential shops re-open ((4:25,0:0120 (0.0147,0.110) As above
bs 04/07/20: Hospitality re-opens ((4:25;0:0120 (0.0147,0.110) As above
b;  01/08/20: \Eat out to help out" scheme starts ((4:25;0:0120 (0.0147,0.110) As above
bg  01/09/20: Schools and universities re-open ((4:25;0:0120 (0.0147,0.110) As above
bg  14/09/20: \Rule of six" introduced ((4:25;0:0120 (0.0147,0.110) As above
bio  14/10/20: Tiered system introduced G(4:25;0:.0120 (0.0147,0.110) As above
b1 31/10/20: Lockdown 2 announced ((4:25;0:0120 (0.0147,0.110) As above
bi»  05/11/20: Lockdown 2 starts ((4:25,0:0120 (0.0147,0.110) As above
b1z 02/12/20: Lockdown 2 ends ((4:25;0:0120 (0.0147,0.110) As above
bi14  18/12/20: School holidays start ((4:25;0:0120 (0.0147,0.110) As above
bis  25/12/20: Last day of holiday season relaxation ((4:25;0:0120 (0.0147,0.110) As above
big  05/01/21: Lockdown 3 starts ((4:25;0:0120 (0.0147,0.110) As above
bi17  08/03/21: Roadmap step one - schools reopen ((4:25,0:.0120 (0.0147,0.110) As above
big  01/04/21: School holidays ((4:25;0:0120 (0.0147,0.110) As above
b1g  19/04/21: Roadmap step two - outdoor rule of G(4:25;0:.0120 (0.0147,0.110) As above
6 (12/04) and schools re-open (19/04)
bpyo  17/05/21: Roadmap step three - Indoor hospi- G(4:25;0:0120 (0.0147,0.110) As above
tality opens
bp1  21/06/21: Wedding and care home restrictions ((4:25;0:0120 (0.0147,0.110) As above
eased
byy  03/07/21: Euro 2020 quarter nals (cited as sig- ((4:25;0:0120 (0.0147,0.110) As above
ni cant in uence [72])
bps  11/07/21: End of Euros football tournament ((4:25;0:0120 (0.0147,0.110) As above
bos  19/07/21: Full lift of NPIs ((4:25,0:0120 (0.0147,0.110) As above
bys  15/08/21: Summer festivals/holidays ((4:25;0:0120 (0.0147,0.110) As above
bys  01/09/21: Schools return ((4:25;0:0120 (0.0147,0.110) As above
bp7  22/09/21: Mid-point between school start and ((4:25;0:0120 (0.0147,0.110) As above

half term

Continued on next page
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Table S12 { continued from previous page

Description Prior distribution 95% probability interval ~ Rationale
bog  01/10/21: Point before sharp increase in epi- ((4:25,0:.0120 (0.0147,0.110) As above
demic wave
bag  22/10/21: School holidays (half term) ((4:25,0:.0120 (0.0147,0.110) As above
bzp  01/11/21: School return ((4:25;0:0120 (0.0147,0.110) As above
bs;  08/12/21: Plan B announced ((4:25,0:.0120 (0.0147,0.110) As above
b3,  23/12/21: School holidays start ((4:25,0:.0120 (0.0147,0.110) As above
bz  04/01/22: Schools return ((4:25;0:0120 (0.0147,0.110) As above
bss  19/01/22: Announcement of end of Plan B G(4:25;0:.0120 (0.0147,0.110) As above
bss  27/01/22: End of Plan B ((4:25;0:0120 (0.0147,0.110) As above
bss 24/02/22: End of self-isolation policy in Eng- ((4:25;0:0120 (0.0147,0.110) As above
land, end of ts
PhEe PR3 The probability of symptomatic individuals de- u(0;1) (0.025,0.975)  Uninformative
veloping serious disease requiring hospitalisation,
for the group with the largest probability at dif-
ferent timepoints (see Section 4.4.3)
P&, PES%  Probability of death in the community given dis- u(0;1) (0.025,0.975)  Uninformative
ease severe enough for hospitalisation for the
group with the largest probability at di erent
timepoints (see Section 4.4.3)
p,"(‘:?};l Probability of triage to ICU for new hospital ad- B(13:9;43:9) (0.140,0.357)  Informed by previous work [2, 1] based on [52]
missions, for the group with the largest probabil-
ity at di erent timepoints (see Section 4.4.3)
p[E?JX;Z Probability of triage to ICU for new hospital ad- u(0;1) (0.025,0.975)  Uninformative
missions, for the group with the largest probabil-
ity at di erent timepoints (see Section 4.4.3)
p',l?gx Initial probability of death for general inpatients B(421;50:1) (0.356,0.558)  Informed by previous work [2, 1] based on [52]
pI"(‘fB(D Initial probability of death for ICU inpatients B(60:2;29:3) (0.573,0.766)  Informed by previous work [2, 1] based on [52]
p{}?,gx Initial probability of death for stepdown inpa- B(287;521) (0.255,0.462) Informed by previous work [2, 1] based on [52]
tients
NMb;1; Mb:2,
Mb:3; Mb;4,
mb:s  Hospital mortality multipliers due to changes in u(0;1) (0.025,0.975)  Uninformative
clinical care at dierent timepoints (see Sec-
tion 4.4.3)
pAlphaEwildiyee mytiplier of the probability of hospitalisation u(0;3) (0.075,2.925) Wide range capturing epidemiologically plausible
with Alpha relative to the Wildtype variant (see changes in the severity of SARS-CoV-2
Section 4.4.3)
poetEAPha - Multiplier of the probability of hospitalisation u(0;3) (0.075,2.925)  As Above
with Delta relative to the Alpha variant (see Sec-
tion 4.4.3)
omicroEDelta - \ultiplier of the probability of hospitalisation u(0;3) (0.075,2.925)  As Above

with Omicron relative to the Delta variant (see
Section 4.4.3)

Continued on next page
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Table S12 { continued from previous page

Description

Prior distribution

95% probability interval

Rationale

AlphaWildtype
ICU
Delta=Alpha
Picu
OmicrorrDelta
ICU

Alpha=Wildtype
Po

Delta=Alpha
Po

OmicrorrDelta
Pp

Myy;1s Myy52,
Myy:3, Myy5a
(1525  [2550)
NC ' Pne s
[50:65  [65:80)
Pne 0 P o
[80+)

Pne

(1525 [24:50)
Ncw + Pnew
[50.65 _[6580)
New ¢ Pnew
[80+)

Pnew

I P2iest

aa

aH

aDhosp
aDCOmm

Multiplier of the probability of ICU admission
with Alpha relative to the Wildtype variant (see
Section 4.4.3)

Multiplier of the probability of ICU admission
with Delta relative to the Alpha variant (see Sec-
tion 4.4.3)

Multiplier of the probability of ICU admission
with Omicron relative to the Delta variant (see
Section 4.4.3)

Multiplier of the probability of death with Al-
pha relative to the Wildtype variant (see Sec-
tion 4.4.3)

Multiplier of the probability of death with Delta
relative to the Alpha variant (see Section 4.4.3)
Multiplier of the probability of death with Omi-
cron relative to the Delta variant (see Sec-
tion 4.4.3)

Mean duration multipliers for non-ICU hospital
compartments at di erent timepoints (see Sec-
tion 4.4.3)

Prevalence of non-COVID symptomatic illness
that could lead to getting a PCR test for dif-
ferent age bands

Prevalence of non-COVID symptomatic illness
that could lead to getting a PCR test on a week-
end for di erent age bands

Overdispersion of PCR positivity

Overdispersion for hospital admission data
streams

Overdispersion for hospital bed streams
Overdispersion for hospital death data streams
Overdispersion for community death data
streams

u(0;3)

u(0;3)

u(0;3)

U(0;3)

u(0;3)

u(0;3)

U(0;2)

u(0;1)

u(0;1)

u(0; 1)
u(0;1)

u(0;1)
u(0;1)
u(0;1)

(0.075,2.925)

(0.075,2.925)

(0.075,2.925)

(0.075,2.925)

(0.075,2.925)

(0.075,2.925)

(0:050,1:950)

(0.025,0.975)

(0.025,0.975)

(0.025,0.975)
(0.025,0.975)

(0.025,0.975)
(0.025,0.975)
(0.025,0.975)

Wide range capturing epidemiologically plausible
changes in the severity of SARS-CoV-2

As Above

As Above

Wide range capturing epidemiologically plausible
changes in the severity of SARS-CoV-2

As Above

As Above

intrinsic

intrinsic

Wide range capturing epidemiologically plausible relative changes

in durations

Uninformative

Uninformative

Uninformative
Uninformative

Uninformative
Uninformative
Uninformative




4.11 Running the model

The model is tted to multiple data streams up to 24th February 2022, capturing the entirety of the SARS-CoV-2 epidemic
up to the o cial end of the policy for self-isolation in England [73]. The model is run under baseline assumptions re ected
in our xed (Table S11) and VE parameters (Table S4).

Before running the pMCMC, we pre-tune the model by running a traditional MCMC on the equivalent "expectation model”,
de ned as the same model but wherever a random draw arises, the mean of the corresponding distribution is used instead,
thereby allowing compartments to take non-integer values. This was done to optimise computational e ciency in exploring
the multi-dimensional parameter space across tted parameters (gure S33, gure S34, gure S35 and gure S36). The
"expectation” model is coupled with an adaptive MCMC to accelerate parameter space exploration.

We then use the pre-tuned parameter set from the "expectation” model with the highest posterior density and variance-
covariance (VCV) matrix of the posterior distribution parameters as the initial values and proposal kernel, respectively, for
subsequent pMCMC runs. The latter uses sequential Monte Carlo estimates of the latent variables with a bootstrap particle
Iter. This avoided both the need for data augmentation techniques and to estimate latent variables (i.e. unobserved

states) alongside tted parameters.

At each iteration of the pMCMC, we randomly rerun the particle Iter on the current parameter set with probabi%glto

get a new marginal likelihood estimate, which prevents chains from getting stuck at a particular parameter due to a high
likelihood estimate [74, 75]. We run 4 chains with 192 particles in this process over 5,000 pMCMC iterations, of which
1000 are discarded as burn-in. We thin the combined sample uniformly to achieve a posterior sample size of 1000. To
test the robustness of our choice of particle number, we also ran our model with double the number of particles (384) for
our central assumptions (table S23), which comes at approximately double the run-time cost. Given results were generally
similar, we are con dent that using 192 particles consistently for our central assumption ts and all sensitivity analyses
provides robust results in a more reasonable run-time.

Our nal pMCMC model t was produced through approximately 23,000 CPU hours, spread across 7 nodes of 32-core
Xeons (dual 16-core 2.6 GHz). Implementation of the model described above is fully described in FitzJohn et al. [76].
The primary interface to the model is coded in R [77] with functions written in packagiesovid and spimalot . The

model is written inodin and run withdust, the pMCMC functions are written inmcstate .

For this paper we usedircovid v0.14.12,spimalot v0.8.23,dust v0.14.1, andmcstate v0.9.15. The above packages
are publicly available in thenrc-ide GitHub organisation (https://github.com/mrc-ide/). The code and scripts used to
create the results in this paper are available in (https://github.com/mrc-ide/sarscov2-severity-england).
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5 Sensitivity Analyses

The previous sections provided methodological details of our model structure and how we t to existing epidemiological
data. This section outlines the sensitivity analyses we ran to explore uncertainties around xed model parameters during
the period tting to data from the Omicron variant given:

1. Cross-immunity against infection.

2. Cross-immunity against hospitalisation.

3. Cross-immunity against death.

4. E cacy of boosters against severe disease and death.
5. Mean serial interval duration.

Table S13 summarises cross-immunity sensitivity analyses explored, and table S16 the booster VE against Omicron. In
previous publications from our group [1, 2, 3], we have presented sensitivity analyses around VE, and the time to waning
of natural and vaccine-induced immunity for the Alpha and Delta variants, so these are not repeated herein.

Analysis Description Source
1 Cross-immunity againsi We assume a 25% protection against infection if infected w Assumed
infection Omicron, given natural immunity (recovery from infection wit

Delta or other historic variant). We explored a higher and a low
value for this assumption, at 35% and 20%, respectively.

2 Cross-immunity againsi We assume a 55% protection against hospitalisation if infecl [78]

hospitalisation with Omicron, given natural immunity (recovery from infectio
with Delta or other historic variant). We explored a higher and
lower value for this assumption, at 63% and 48%, respectively

3  Cross-immunity againsi We assume an 18% protection against death if infected with Or [78]

death cron, given natural immunity (recovery from infection with Delt
or other historic variant). We explored a higher and a lower val
for this assumption, at 57% and 6%, respectively.

4  Vaccine e cacy We explored a plausible range of uncertainty in our central ' Assumption
parameters. For the case of Vi the Alpha and Delta variants, and [42]
we assumed +/-10% for all VE parameters as we have include
wealth of data to derive central parameters (see Table S4). Giy
greater uncertainty around VE of booster doses the Omicron
variant (V3 to Vg strata), we explored the upper and lower bour
from available literature. See Table S14, Table S15 and Table ¢
for speci c parameters.

5 Alternative np We explored two alternative parameterisations of thg piece- Assumed
wise linear function (see section 4.4.4), varying change poi
around the point of emergence of the Alpha and Delta variant

6  Serial interval duration In our central parameters, we assume a decreasing Sl for eadfsumed
variant in succession, compared to the Wildtype variant (Sec-
tion 2.2). We tted our model assuming a xed Sl of 5.2 days
(Wildtype variant-like) and of 3.9 days (Omicron variant-like) for
all variants.

Table S13: Summary of sensitivity analyses explored

For vaccine e cacy, our central model parameters were as de ned in section 3.1. Values for vaccine e ectiveness (VE) are
derived from both vaccine e cacy measured in clinical trials and vaccine e ectiveness studies (Table S4). Where possible,
data from the UK have been used and represent e ectiveness of dosing schedules with a 12 week gap between doses.
We assumed that there are no signi cant di erences in vaccine e ectiveness by age, sex, or underlying health conditions
[29, 30]. As previously described for our model [2, 3], we assume that vaccine protection against symptomatic disease
also provides a similar level of protection against infection and that, in those individuals who do become infected after
vaccination, onward transmission is also reduced [31].
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5.1 Vaccine e cacy sensitivity analysis

Table S14, table S15 and table S16 summarise VE values used for each scenario. Please see comparison of inferred intrinsic
transmissibility and basic severity for each scenario, compared to central parameters, in gure S8.

Central Lower VE Higher VE Informed by
End point Dose AZ PF/Mod AZ PF/Mod AZ PF/Mod
1 88% 89% 79% 80% 96% 98%
Death 2 (Full protection) 99% 99% 89% 89% 99% 99% Assumed -10% lower, +10% higher VE.
2 (Waned protection) 83% 90% 75% 81% 91% 99%
Severe 1 _ 81% 89% 73% 80% 89% 98% _
disease 2 (Full protection) 98% 99% 89% 89% 99% 99% Assumed -10% lower, +10% higher VE.
2 (Waned protection) 77% 90% 70% 81% 85% 99%
Mild 1 64% 79% 58% 71% 70% 86%
disease or 2 (Full protection) 92% 99% 83% 89% 99% 99% Assumed -10% lower, +10% higher VE.
infection 2 (Waned protection) 29% 77% 26% 69% 32% 85%
1 45% 45% 40% 40% 50% 50%
Transmission 2 (Full protection) 45%  45% 40% 40% 50% 50% Assumed -10% lower, +10% higher VE.
2 (Waned protection) 40% 40% 36% 36% 44% 44%

Table S14: Sensitivity analysis parameters for vaccine e casss the Alpha variant. "Infection" refers to vaccine
e ectiveness protecting an individual from being infected with SARS-CoV-2, whilst "transmission” refers to the vaccine
e ectiveness at preventing onward transmission by an infected individual.

Central Lower VE Higher VE Informed by
End point Dose AZ PF/Mod AZ PF/Mod AZ PF/Mod
1 87% 89% 78% 80% 96% 98%
Death 2 (Full protection) 98% 99% 89% 89% 99% 99%
2 (Waned protection) 82% 90% 74% 81% 90% 99% Assumed -10% lower, +10% higher VE.
3 (Full protection) 99% 99% 89% 89% 99% 99%
3 (Waned protection) 89% 89% 81% 81% 99% 99%
Severe 1 _ 81% 89% 73% 80% 89% 98%
disease 2 (Full protection) 98% 99% 89% 89% 99% 99%
2 (Waned protection) 77% 90% 70% 81% 85% 99% Assumed -10% lower, +10% higher VE.
3 (Full protection) 99% 99% 89% 89% 99% 99%
3 (Waned protection) 89% 89% 81% 81% 99% 99%
Mild 1 51% 51% 46%  46% 56% 56%
disease or 2 (Full protection) 87% 95% 79% 86% 96% 99%
infection 2 (Waned protection) 19% 49% 17% 44% 21% 54% Assumed -10% lower, +10% higher VE.
3 (Full protection) 92% 92% 83% 83% 99% 99%
3 (Waned protection) 36% 36% 39% 39% 54% 54%
1 33% 33% 30% 30% 36% 36%
Transmission 2 (Full protection) 40% 40% 36% 36% 4% 44%
2 (Waned protection) 19% 19% 17% 17% 21% 21% Assumed -10% lower, +10% higher VE.
3 (Full protection) 40% 40% 36% 36% 44% 44%
3 (Waned protection) 19% 19% 17% 17% 21% 21%

Table S15: Sensitivity analysis parameters for vaccine e caeg the Delta variant. "Infection" refers to vaccine ef-
fectiveness protecting an individual from being infected with SARS-CoV-2, whilst "transmission" refers to the vaccine
e ectiveness at preventing onward transmission by an infected individual.
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Central Lower VE Higher VE Informed by

End point Dose AZ PF/Mod AZ PF/Mod AZ PF/Mod
2 (Full protection) 97% 97% 97% 97% 97% 97%
Death 2 (Waned protection) 56% 56% 56% 56% 56% 56% Low and high values from Gov [42]
3 (Full protection) 96% 96% 70% 70% 99% 99%
3 (Waned protection) 62% 62% 50% 50% 80% 80%
Severe 2 (Full protection). 97% 97% 97% 97% 97% 97% .
disease 2 (Waned protection) 56% 56% 56% 56% 56% 56% Low and high values from Gov [42]
3 (Full protection) 96% 96% 70% 70% 99% 99%
3 (Waned protection) 62% 62% 40% 40% 5% 75%
Mild 2 (Full protection) 41% 60% 41% 60% 41% 60%
disease or 2 (Waned protection) 0% 0% 0% 0% 0% 0% Low and high values from Gov [42]
infection 3 (Full protection) 2% 74% 50% 55% 75% 75%
3 (Waned protection) 0% 0% 0% 0% 10% 10%
2 (Full protection) 40% 40% 40% 40% 40% 40%
Transmission 2 (Waned protection) 0% 0% 0% 0% 0% 0% Assumed lower than for mild disease
3 (Full protection) 40% 40% 30% 30% 50% 50%
3 (Waned protection) 0% 0% 0% 0% 0% 0%

Table S16: Sensitivity analysis parameters for vaccine e ectiveness against the Omicron variant for AstraZeneca (AZ),
P zer (PF), and Moderna (Mod) by vaccine dose. "Infection" refers to vaccine e ectiveness protecting an individual
from being infected with SARS-CoV-2, whilst "transmission" refers to the vaccine e ectiveness at preventing onward
transmission by an infected individual.

Figure S8: Sensitivity analysis of model inferred intrindy and basic IHR, HFR and IFR of the variants. From left to
right: Central, high and low vaccine e cacy (1st and 2nd dose, table S14) against the Alpha variant, high and low vaccine
e cacy (1st, 2nd and booster, table S12) against the Delta variant, and high and low vaccine e cacy (2nd and booster
dose only table S16) against the Omicron variant. Box plots show mean model-inferred properties and 95% Cirl for the
Wildtype (grey), Alpha (blue), Delta (orange) and Omicron (pink) variants.
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5.2 Cross-immunity sensitivity analysis

We varied central parameters of cross-immunity given prior infection with a historic vasniardn emerging variant (e.g.

prior infection with Alpha or Deltavs Omicron variant). Each of cross-immunity against infection, hospitalisation or death
was varied in a one-way analysis, simultaniously for all variants. For specic values and literature sources of parameters
(where available) see table S13.

Figure S9: Sensitivity analysis for scenario description) of model inferred intrifgcand basic IHR, HFR and IFR

of the variants. From left to right: high and low cross-immunity against death, high and low cross-immunity against
hospitalisation, and high and low cross-immunity against infection (see values in table S13). Box plots show mean model-
inferred properties and 95% Crl for the Wildtype (grey), Alpha (blue), Delta (orange) and Omicron (pink) variants.
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5.3 Other sensitivity analysis

Our model allowed tting time-varying changes in severity, independent of the inferred basic properties of the variants. We
explored alternative parameterisations of the piece-wise linear function for chamgifij (see details in section 4.4.4. In
these scenarios, we speci cally sought to infer whether the choice of change points in uenced the inferred relative severity
between the Alpha and Delta variants. Additionally, we varied our central serial interval parameters, by either xing it at
its highest (i.e. all variants with same value as Wildtype) and lowest (i.e. all variants with same value as Omicron BA.1)
values.

Scenario Dates Rationale

01-04-2020
01-07-2020 to 15-09-2020
15-10-2020 to 01-12-2020
Central See table S10
04-02-2021
01-04-2021 to 04-11-2021

31-12-2021

01-04-2020
01-07-2020 to 15-09-202(
i 01-12-2020 . . _ o _
nb(t)winter to infer potential changes in severity given mounting healthcare
04-02-2021
01-04-2021 to 04-11-2021

31-12-2021

Explore a linear change inp(t) from 09-2020 to 12-2020

demands around the date of Alpha emergence.

01-04-2020
01-07-2020 to 15-09-2020

Explore at period innmp(t) between 04-2021 and 06-2021
15-10-2020 to 01-12-2020

during the period of Delta emergence, then linear change from

np(t)summer 04-02-2021 _ _ .
06-2021 to 11-2021 as Delta was dominant during a period of
01-04-2021 to 01-06-2021 ) ) ) o o
potential evolving hospital admission and triaging thresholds.
04-11-2021
31-12-2021

Table S17: Sensitivity analysis of tted change points for the time-varyimg(t).
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Figure S10: Sensitivity analysis of model inferred intrindity and basic IHR, HFR and IFR of the variants. From left

to right: Central, high and low xed serial interval duration (see values in table S13), and alternative changepoints for
mp(t) in the winter of 2020/21 and in the summer of 2021 (see values and rationale in table S17). Box plots show mean
model-inferred properties and 95% Crl for the Wildtype (grey), Alpha (blue), Delta (orange) and Omicron (pink) variants.
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6 Supplementary Results

A limitation of our approach is that there could be identi ability issues in model-inferred parameters of the relative severity
of the variants. Contrary to the rich genomic surveillance data representative of cases diagnosed in the community (Pillar
2), which we used to t our model to variant replacement events and infer di erences in the relative transmissibility of
the variants, there was not a similarly representative genomic surveillance dataset for hospital admissions and deaths.
Therefore, we could not t to or compare our modelled results to empiric data of hospital admissions and deaths by variant
status to further underpin our inference around relative severity of the variants.

In particular, the above could mean that inferred statistically signi cant di erences in the relative severity of one variant
compared to another could have been driven by confounding factors. In particular, there could have been underlying di er-
ences in vaccine-derived protection against severe disease or death in the population, or given healthcare system performance
variations at the time when each circulated, driving changes in severity rather than the variants themselves.

To support the robustness of our results and minimise the risk of wrongly attributing di erences in variant severity to such
confounding factors, we conducted the below supplementary analyses. Future similar analyses of pandemic emergencies
would greatly benet from representative genomic surveillance performed across all levels of the severity pathways of
disease, including hospitalisations and deaths.

6.1 Relative risk of transmissibility and severity of the variants

Tables below summarise the relative risk of transmissibility and severity comparing across all variants. We performed paired
sampling of model-inferred relative transmissibility and severity parameters within pMCMC steps. We did this to ensure
95%Crl of results below re ected only uncertainty from parameter uncertainty, void of stochastic variance.

Wildtype Alpha Delta Omicron
Wildtype - 1.64 (1.61 - 1.67) 2.79 (2.72-2.86) 3.25(3.12 - 3.38)
Alpha 0.61 (0.60 - 0.62) - 1.70 (1.67 - 1.73) 1.98 (1.90 - 2.07)

Delta
Omicron

0.36 (0.35 - 0.37)
0.31 (0.30 - 0.32)

0.59 (0.58 - 0.60) - 1.17 (1.12 - 1.21)
0.50 (0.48 - 0.53) 0.86 (0.83 - 0.89) -

Table S18: Relative intrinsic transmissibility risk (mean, 95%Crl) across modelled variants, calculatélg ag?{). Note
here indices and j refer to table row and column, respectively.

Wildtype Alpha Delta Omicron
Wildtype - 152(1.42-1.63) 192 (1.73-2.07) 1.39 (1.25- 1.53)
Alpha 0.66 (0.61 - 0.70) - 1.26 (1.13-1.38) 0.92 (0.82 - 1.02)

Delta
Omicron

0.52 (0.48 - 0.58)
0.72 (0.65 - 0.80)

0.79 (0.72 - 0.88) - 0.73 (0.62 - 0.81)
1.09 (0.98 - 1.22) 1.38 (1.24 - 1.60) -

Table S19: Relative basic IHR risk (mean, 95%Crl) across modelled variants, calculatdéiBs / IHR'. Note here
indicesi and j refer to table row and column, respectively.

Wildtype Alpha Delta Omicron
Wildtype - 153(1.41-1.63) 0.98 (0.84-1.12) 0.47 (0.39 - 0.58)
Alpha 0.66 (0.61 - 0.71) - 0.64 (0.54 - 0.73) 0.31 (0.26 - 0.38)

Delta
Omicron

1.03 (0.89 - 1.19)
2.14 (1.72 - 2.56)

1.56 (1.37 - 1.84)
3.26 (2.62 - 3.86)

- 0.48 (0.41 - 0.55)

2.09 (1.82 - 2.42)

Table S20: Relative basic HFR risk (mean, 95%Crl) across modelled variants, calculatétF& / HFR. Note here

indicesi and j refer to table row and column, respectively.
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Wildtype Alpha Delta Omicron

Wildtype - 257 (2.38 - 2.75) 1.83 (1.55- 2.08) 0.59 (0.49 - 0.71)
Alpha  0.39 (0.36 - 0.42) - 0.71 (0.61 - 0.82) 0.23 (0.19 - 0.28)
Delta 0.55 (0.48 - 0.64) 1.41 (1.22 - 1.65) - 0.33 (0.28 - 0.37)

Omicron  1.70 (1.41 - 2.05) 4.37 (3.55 - 5.18) 3.09 (2.68 - 3.61) -

Table S21: Relative basic IFR risk (mean, 95%Crl) across modelled variants, calculatéeiRis’ IFR'. Note here indices
i and j refer to table row and column, respectively.
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6.2 Winter 2020/21 HFR and mechanical ventilation bed occupancy

To further characterise the model inferred increase in e ective HFR during the winter of 2020-2021 and the role of Alpha
emergences healthcare performance as contributing factors, we analysed linked patient-level data on PCR-positive COVID-

19 cases, hospital admissions and deaths between September 1, 2020 and February 28, 2021. We counted hospitalisations
for patients staying in hospital for 24 hours after their date of admission, which was de ned as either the date of rst
hospital attendance within 14 days of a positive PCR test in the community or the date of PCR-positive diagnosis for
patients already in hospital. We then calculated the a time series of daily HFR as the number of hospital admissions
that (prospectively) had an outcome of death over the total number of admissions for that day. Lastly, we used daily
mechanical ventilation (MV) bed occupancy as a proxy of hospital pressures, de ned as the number of MV beds occupied,
divided by the total number of such beds.

We logit transformed occupancy and HFR and assessed the correlation between them in simple linear regression, adjusting
for a potential interaction between occupancy and variant dominance. The latter was de ned as a binary variable for a
given day, as either "Alpha dominant" day or not, if the frequency of this variant in community positive PCR was greater
than 60%. Results are presented below in gure S11 and table S22.

Figure S11: Correlation between hospital fatality ratio and mechanical ventilation beds occupancy. A) Basic HFR (model
inferred) of the Alpha and Wildtype variants assuming healthcare characteristics at the start of each month. B) Daily
(model inferred) e ective severity by variant. C) Data on mechanical ventilation beds occupancy. D) Correlation plot
between occupancy (logit scale) and HFR (logit scale) by NHS England region and variant dominance.

Estimate S.E. tvalue p
Intercept -1.14 0.03 -42.30 <0.01
Occupancy (logit) 0.10 0.06 1.59 0.11
Alpha dominant -1.84 0.16 -11.45 <0.01

Occupancy (logit) * Alpha dominant 1.09 0.14 7.78 <0.01

Table S22: Correlation between hospital fatality ratio and mechanical ventilation beds occupancy. Ordinary least square
linear regression model, with dependent and independent variables in logit scale, and variant dominance included as an
interaction term. AdjustedR? = 0:18.
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6.3 Severity outputs by vaccination status

We compared modelleds empiric hospital admissions and deaths by vaccine status over time, aggregated from national
patient-level linked records of vaccination status, hospitalisations and deaths. The model performed well in capturing these
trends, which we did not explicitly t to, indicating it was able to correctly infer the e ect of vaccine-derived immunity
against hospitalisation and death at the population level.

It should be further noted that our model includes for time-varying patterns of severity mechanisms (section 4.4.4), as
proxy of healthcare performance variations over time. Results below thus support there was an overall low risk of the
model wrongly attributing di erences in variant basic severity to factors driven by the evolving pro les of vaccine-derived
immunity or healthcare performance.

Figure S12: Points represent data on daily admissions by vaccination status (see section 6.2) for details of data aggregation
from linked patient-level line lists) and shaded areas 95%Crl of model inferred trajectories by NHS England region.
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Figure S13: Points represent data on daily hospital deaths by vaccination status (see section 6.2) for details of data
aggregation from linked patient-level line lists) and shaded areas 95%Crl of model inferred trajectories by NHS England
region.
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6.4 Model comparison to other empiric severity outputs over time

There are additional nuances around variations in patient cohorting practices within the healthcare system over time we
could not account for in our model. These include changes in the clinical threshold for admitting patients or for triaging
them to critical care. This could have implied that the model could have still su ered from parameter identi ability issues
when attributing severity to basic properties of the variants the above factors.

To reduce this risk, we conducted additional checks to ensure the model was able to reproduce the overall HFR by England
region, and the age distribution of hospitalisations and deaths over time. Lastly, we also present inferred IHR, HFR and IFR
by age over time and the relation in uncertainty (and overlaps) between the intriRgiand the basic severity properties

of the variants by NHS England region.

Figure S14: Point-range represents data and binomial con dence interval (see section 6.2) for details of data aggregation
from linked patient-level line lists) and shaded areas 95%Cr| of model inferred trajectories by NHS England region.
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Figure S15: Comparison of model (left column) and data (right column) age distribution of weekly hospital admissions
(top row) and deaths (bottom row, in hospital and in the community).

59



Figure S16: E ective infection hospitalisation ratio (IHR), hospital fatality ration (HFR) and infection fatality ration
(IFR) by model age compartments over time, accounting for immunity by age class. Please note di erent colour gradient
scales for each heatmap.
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Figure S17: Scatter plot of intrinsicRy and basic infection hospitalisation ratio (IHR), hospital fatality ration (HFR) and
infection fatality ration (IFR) by variant and NHS England region. EE, East of England; LON, London; MID, Midlands;
NEY, North East and Yorkshire; NW, North West; SE, South East; and SW, South West.
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6.5 Number of particles check

To check on the robustness of our results given selection of number of particles for the pMCMC, we compare inferred values
of the intrinsic Ry and basic severity with central parameters using 192 (default) and 384 (double) pMCMC particles. We
ran these from the same initial (pre-tuned) parameter values and VCV proposal matrix (see section 4.11.

Intrinsic Ry BasiclHR BasicHFR BasiclFR

192 particles (default)

Wildtype 2.6 (2.4-28) 2.2(2.1-2.3) 33.0(30.7-35.3) 1.2 (1.1-1.2)
Alpha 4.2 (4.0-4.6) 3.4 (3.1-3.6) 50.3 (46.7-53.6) 3.0 (2.8-3.2)
Delta 7.2 (6.7-7.8) 4.2 (3.8-4.4) 32.3(27.4-35.8) 2.1(1.9-2.4)
Omicron 8.4 (7.8-9.1) 3.1(2.7-3.3) 15.5(13.1-18.8) 0.7 (0.6-0.8)
384 particles

Wildtype 25 (2.4-27) 2.2(2.1-24) 33.4(31.0-36.2) 1.2 (1.1-1.3)
Alpha 4.2 (3.9-4.4) 3.4 (3.2-3.6) 48.9 (44.4-53.8) 3.0(2.8-3.2)
Delta 7.0 (6.6-7.5) 4.3 (4.0-4.4) 32.7 (28.7-37.3) 2.2 (2.0-2.5)
Omicron 8.2 (7.7-8.6) 2.9 (2.5-3.3) 15.3(12.5-18.2) 0.6 (0.5-0.8)
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Table S23: Main model results (see in main manuscript) with default of 192 pMCMC particle884.



6.6 Model t to healthcare data

Figure S18: Model ts to NHS England Regions (columns); from top row to bottom: Deaths in hospital, Deaths in the
community, all deaths, ICU beds occupancy, general beds occupancy and all daily admissions. Points show the data, solid
line the median model t and the shaded area the 95% Crl. Green data points indicate data streams where the model was
tted to age-disaggregated data (see section 6.7), and orange where it was tted to aggregated data as shown.

Figure S19: Model ts to NHS England Regions (columns): infection prevalence in the community from ONS infection
survey. Points show the data, the solid line the median model t and the shaded area the 95% Crl.
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Figure S20: Model ts to NHS England Regions (columns): infection prevalence in the community from the REal-time
Assessment of Community Transmission (REACT) Study. Points show the data, the solid line the median model t and
the shaded area the 95% Crl. Geen colour points indicate the model was tted to age-disaggregated data (see section 6.7).

Figure S21: Model ts to NHS England Regions (columns): PCR positivity in the community from the national community
testing programme (Pillar 2). Grey line shows the data, aggregated for all ages, and the blue line the median model t
and the shaded area the 95% Crl. Grey colour indicates the model was tted to age-disaggregated data (see section 6.7).
PCR positivity data was removed before 2020-06-18, as the programme had not been scaled up nationally before this date,
and after 2021-11-01.
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Figure S22: Model ts to NHS England Regions (columns): seropositivity by Euroimmun essay among blood donors.
Black point-range shows the data and binomial con dence interval, and the blue and purple lines the median model t to
proportion seropositive and infected, respectively, and shaded area the 95% Crl.

Figure S23: Model ts to NHS England Regions (columns): seropositivity by Roche N essay among blood donors.
Black point-range shows the data and binomial con dence interval, and the blue and purple lines the median model t to
proportion seropositive and infected, respectively, and shaded area the 95% Crl.
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Figure S24: Model ts to NHS England Regions (columns): Alpha variant frequency among symptomatic Pillar 2 PCR-
positive cases. Points-range shows the data and binomial con dence interval, solid line the median model t and the
shaded area the 95% Cirl.

Figure S25: Model ts to NHS England Regions (columns): Delta variant frequency among symptomatic Pillar 2 PCR-
positive cases. Points-range shows the data and binomial con dence interval, solid line the median model t and the
shaded area the 95% Cirl.
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Figure S26: Model ts to NHS England Regions (columns): Omicron variant frequency among symptomatic Pillar 2
PCR-positive cases. Points-range shows the data and binomial con dence interval, solid line the median model t and the
shaded area the 95% Cirl.
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6.7 Model tto age-disaggregated data

The model was tted to age-speci ¢ data by NHS England region for Pillar 2 PCR positivity, infection prevalence from the
REACT study, hospital admissions and deaths, both in hospital and in the community. Age bands were de ned according to
data availability for each data stream. Here we present the model ts compared to these age-disaggregated data streams,
aggregating across regions to the national (England) level.

Figure S27: Model ts to data by age aggregated to national-level: PCR positivity in the community from the national
community testing programme (Pillar 2). Black line shows the data, and the blue line the median model t and the shaded
area the 95% Crl.

Figure S28: Model ts to age-disaggregated data: infection prevalence in the community from the REal-time Assessment
of Community Transmission (REACT) Study. Grey line shows the data, aggregated to England-level, and the blue line the
median model t and the shaded area the 95% Cirl.
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Figure S29: Model ts to age-disaggregated data: hospital admissions. Points-range shows the data and binomial
con dence interval, aggregated to England-level, and the blue line the median model t and the shaded area the 95% Crl.

Figure S30: Model ts to age-disaggregated data: hospital deaths. Orange points show the data, aggregated to England-
level, and the blue line the median model t and the shaded area the 95% Cirl.
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Figure S31: Model ts to age-disaggregated data: deaths in the community, including care homes. Orange points show
the data, aggregated to England-level, and the blue line the median model t and the shaded area the 95% Cirl.
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6.8 Model inferred (tted) parameters

Figure S32: Estimated trajectory of beta over time by region. Solid lines show the median model trajectory and the
shaded areas the 95% Crl.

Figure S33: Estimated value of beta over time by region. The points show the median model t and the bars the 95%
Crl. The vertical dashed red lines show the bounds of the prior distribution.
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Figure S34: Model parameter posterior distributions for time-varying severity modi ers. The points show the median
model t and the bars the 95% Crl. Where shown, vertical dashed red lines show the bounds of the prior distribution, else
we assumed a uniform ( at) prior.
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Figure S35: Model parameter posterior distributions for variant-driven severity modi ers. The points show the median
model t and the bars the 95% Crl. We assumed a uniform ( at) prior, hence no prior bounds are shown.
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