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 a b s t r a c t

The spread of epidemics in populations is often inhomogeneous, consequently infection incidence varies be-
tween sub-populations. Age-structure is often particularly important in the dynamics of epidemics, due to the 
contact patterns between individuals of different ages. Public health interventions are often targeted at specific 
age-groups, therefore analysing the age-structure of transmission patterns is essential to evaluate the efficacy of 
these interventions. We develop a Bayesian model to estimate the contribution of different age-groups to the re-
production number (R) and to new infections for COVID-19 in England throughout 2021, using the ONS Infection 
Survey. We model a dynamic next-generation matrix in a novel way by splitting it into a static survey-derived 
social-contact matrix, multiplied by a low-rank dynamic matrix. We show that whilst R was typically highest 
for school-age children (5–11y and 12–17y) and lowest for the elderly (60y+), the former typically rose during 
term-time and fell during the school-holidays. The dynamics for young adults (18–29y) were particularly inter-
esting, which increased relative to older adults in late-spring 2021 following the re-opening of entertainment 
venues. The R peaked for young adults in July 2021 coinciding with the period of the Euros football tournament, 
before rapidly dropping as the national vaccination program reached this group in August 2021. Our model is 
an important tool that can estimate R and attribute new infections by the infector’s age, thus identifying core 
groups which sustain the epidemic and informing the design of targeted interventions.

1.  Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) 
spread in England from 2020 and has been characterised by the emer-
gence of novel variants which quickly became dominant. In late 2020, 
the wild type variants were replaced by the Alpha variant, followed 
by the Delta variant in spring 2021 and the Omicron variants in 2022. 
By 30 December 2022, over 20.4 million confirmed cases and over 
183,000 deaths related to COVID-19 had been reported in England
(Coronavirus , COVID-19).

Throughout the pandemic there were notable differences in the dis-
tribution of burden by age, observed in confirmed cases, population co-
hort infection and serology surveys, hospitalisations, and mortality rates 
(Sorensen et al, 2022; O’Driscoll et al, 2021). Whilst the predominant 
age-specific feature of COVID-19 was the concentration of disease bur-
den in the elderly, infection rates were often highest in other age de-
mographics, especially children and young adults. Understanding how 
infection rates vary by age is important to quantify the contribution of 
different age-groups to transmission, and thus their role in sustaining 
the epidemic. Specifically, by quantifying the role of each age-group in 
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transmission can help inform how to target non-pharmaceutical inter-
ventions and vaccination programs. For example, should social contact 
mixing be reduced in a blanket way (i.e. via a national lockdown), or 
should they be targetted at specific aspects of society?

During the epidemic, vast amounts of data were collected record-
ing confirmed cases, hospitalisations and mortality, much of it stratified 
by age. Whilst hospitalisation and mortality statistics gave an accurate 
measurement of the disease burden, confirmed case counts were not a 
true reflection of actual infections due to different ascertainment rates. 
Case ascertainment rates not only varied with time throughout the epi-
demic, but also differed dynamically between age-group. In England, 
the testing strategies changed throughout the epidemic leading to age-
specific under-reporting of cases due to the policy at the time. For exam-
ple, testing in schools and workplaces was compulsory with automatic 
reporting of positive test over late 2020 but this shifted to self-testing 
and self-reporting of positive tests in 2021. In addition to case statistics, 
the Office for National Statistics carried out a longitudinal population 
cohort study, the ONS Infection Survey, Office for National Statistics 
(2022a), to estimate infection prevalence by age-group and geographic 
region. For this survey, representative households were recruited and 
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each household periodically submitted samples for PCR testing. Test 
positivity rates were reported bi-weekly, with approximately 150,000 
samples being tested per reporting period in 2021.

Whilst age-specific infection rates tell us the distribution of the in-
fection burden, they do not tell us directly about age-specific transmis-
sion rates. This is due to social-mixing between age-groups, whereby 
an infected person of one age might transmit the virus to a recipient 
of a different age. For example, a high incidence of infections amongst 
school-age children could lead to a high incidence of infections amongst 
their parents, even if the reproduction number of the parents was less 
than 1. The link between infection incidence and transmission rates is 
thus complex, with mathematical modelling being a useful tool to esti-
mate one from the other.

Modelling epidemics in structured populations has been an area of 
extensive research in epidemiology for many years (Anderson, 1991; 
Diekmann et al., 1998, 2013). Examples of characteristics that cause 
structured epidemics are age, sex, geography, genetic composition, and 
individual risk tolerance (Diekmann et al., 2013; Pickles et al., 2021). 
A standard modelling approach is to divide the population into com-
partments based on relevant characteristics, with transmission of the 
pathogen between compartments described by the next generation ma-
trix (NGM) (Diekmann et al., 2010). During the pandemic, modelling 
was extensively used to characterise temporal changes in the epidemi-
ology of SARS-CoV-2 (Rozhnova et al, 2021; Hinch et al., 2020; Hinch 
et al., 2021; Hozé et al, 2021; Milne et al, 2021; World Health Organiza-
tion, 2022b; Viana et al, 2021). Most of these studies focused on answer-
ing specific questions and were not age-specific (Pei et al., 2021; Saad-
Roy et al, 2020; Kissler et al., 2020), explored specific time-periods: the 
first epidemic wave (Dekker et al., 2023; Gatto et al, 2020; Bertuzzo 
et al, 2020; Giordano et al, 2020; Panovska-Griffiths et al., 2020) or pe-
riods of Alpha (Hozé et al, 2021; Viana et al, 2021; Panovska-Griffiths 
et al., 2022a; Hinch et al., 2022) and Delta variants (Sonabend et al, 
2021; Bosetti et al, 2022; Panovska-Griffiths et al., 2022b). Some mod-
elling studies have explored the importance of different age-groups in 
the epidemic (Hozé et al, 2021; Davies et al., 2020; Monod et al, 2021; 
Kiem et al., 2021; Boldea et al., 2024). Davies et al. (2020) fitted an age-
structured model to data from China, Italy, Japan, Singapore, Canada 
and South Korea, to show that susceptibility to infection in < 20y old 
was approximately half that those >20y old, while that clinical symp-
toms manifested in 21% (95% CI: 12–31%) of infections in 10–19y old, 
rising to 69% (57–82%) of infections in people aged over 70y. Monod 
et al (2021) used a longitudinal, and age-specific population mobility 
and COVID-19 mortality data from USA to show that as of October 2020, 
individuals 20–49y old were the group sustaining resurgent SARS-CoV-
2 transmission and responsible for 65% of COVID-19 infections. Kiem 
et al. (2021) fitted a model to age-stratified hospital admissions and pos-
itivity rates among symptomatic people to show that 20–29y old had the 
largest contribution to the French COVID-19 epidemic over the summer 
2020. Hozé et al (2021) extended this work to include all of 2020, show-
ing that the proportion infected was twice as high in 20–49y old than 
in those >50y old. A recent study by Boldea et al. (2024) used infer-
ence modelling to reconstruct the burden of true infections and hospital 
admissions in children, adolescents, and adults over the seven waves of 
four variants (wild-type, Alpha, Delta, and Omicron BA.1) during the 
first 2 years of the pandemic in Netherlands. They found that case re-
porting differed by age and the number of hospital admissions in ado-
lescents and children remained much lower than those of adults. They 
also saw a shift in infections and notably higher hospitalisation towards 
children and younger age-groups in later (Omicron/Delta) compared to 
earlier (Alpha/wild-type) waves.

These existing studies point to the inhomonegeinty in the incidences 
of infections, hospitalisations and deaths from COVID-19 across differ-
ent age-cohorts and settings. Our work here complements this exist-
ing work, and explores such inhomogeneity over the Delta epidemic 
wave in England in 2021. Specifically, we develop a Bayesian model for 
estimating the contribution of different age-groups to new infections

throughout the English epidemic over the Delta epidemic wave in 
2021. Infections in each age-group are modelled using a deterministic 
exposure-infection model with a time-dependent next-generation ma-
trix. With 𝑁 age-groups and 𝑇  time points, the time-dependent next-
generation matrix has 𝑁2𝑇  parameters to estimate, which is not pos-
sible directly given the available data. Therefore, and to the best of 
our knowledge for the first time, we introduce a model for the next-
generation matrix which requires only 𝑁 parameters to be estimated at 
each step, with each parameter following a log-normal process through 
time. We then use the model to calculate the positivity rate for each 
age-group in every round of the infection survey (Office for National 
Statistics, 2022a), which allows the likelihood of the observed survey 
data to be calculated (the observation model). The posterior distribu-
tion of the model parameters is calculated using MCMC, which allows 
the calculation of age-specific reproduction rates and attribution of new 
infections. The results are then compared with the timeline of public 
health interventions.

2.  Methods

2.1.  Data

During the COVID-19 epidemic in the UK, extensive PCR testing was 
carried out to detect infections, with 100,000 s of tests administered 
each day. The largest proportion of these test were case based, admin-
istered after self-reported symptoms. Whilst this is the most extensive 
daily data set, it suffers from multiple ascertainment biases, both cross-
sectional between age-group and temporally. In parallel to the case-
based testing, the UK Office for National Statistics (ONS) carried out 
a bi-weekly household infection survey throughout the pandemic. The 
survey reported both the number of tests administered and the num-
ber of positive tests segregated by age-group, as well as estimates of 
the overall population positivity (Fig. 1). As a household survey, it suf-
fers from less ascertainment biases than case-based testing, especially 
temporally. However, since it is a measure of positivity, there may be 
ascertainment biases between age-groups due to people of different ages 
testing positive for different lengths of time.

At the end of January 2021, in the UK almost all SARS-CoV-2 infec-
tions were of the Alpha variant. In late March 2021, the first cases of 
the Delta variants were recorded in the UK, with almost all cases being 
of the Delta variant by the end of June 2021. Throughout the epidemic 
a large number of virus samples were sequenced by the COVID-19 Ge-
nomics UK Consortium (COG-UK), which gave a comprehensive view of 
the circulating variants in the UK (COVID-19, 2024).

In this paper we will develop and use a model to estimate the con-
tribution of each age-group to sustaining the epidemic through 2021. 
The two main datasets we use will be the ONS Infection survey (Office 
for National Statistics, 2022a) and the COG-UK genomics time-series 
(COVID-19, 2024). Additionally, we use a single contact matrix, which 
we use as a base and estimate adjustments through time. The base con-
tact matrix is from the Comix study in September 2020 (Gimma et al., 
2022).

2.2.  Model description

The aim of the model will be to estimate the contribution of each 
age-group to the reproduction number of the epidemic throughout time. 
There are many factors which contribute to this, such as social mix-
ing patterns, population infection history, mix of circulating variants, 
vaccination programs, test-trace and isolate programs, the presence of 
lockdowns and other non-pharmaceutical interventions. Whilst it is pos-
sible to directly model all of these effects in mechanistic models, such 
as agent-based models, it is very difficult to estimate all the parameters 
in these models. The ability of these models to estimate the effect of 
different interventions relies heavily on strong priors on these param-
eters or estimating them independently from targeted studies. We will 
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not attempt to attribute the rate of transmissions to these different ef-
fects, therefore we will use a simple exposure-infection model where we 
directly estimate change to the force of infection.

2.2.1.  Generative model
The underlying infection dynamics are modelled as a determinisitc 

discrete-time exposure-infectious (EI) model with age stratification and 
stochastic transmission parameters (e.g. the reproduction number). Con-
sider an age-structured population, where each individual is in one of 
𝑁age groups. For each age-group 𝑖, we model the number of people ex-
posed (but not infectious) 𝐸𝑖 and the number of infectious people 𝐼𝑖. 
Due to mixing between age-groups, new infections can be transmitted 
between people in different age-groups. This rate of new infections in 
the 𝑖th age-group from individuals in the 𝑛th at time 𝑡 is given by the com-
ponent of the next-generation matrix 𝐺𝑖,𝑛(𝑡). Schematically our model is 
where 𝑘 is the rate at which people leave the exposed and infectious 
states (assuming it is the same for both states, then it is equivalent to 
the generation time being gamma distributed with shape parameter 2) 
and we assume that the parameter 𝑘 is the same for all age-groups.

In addition to the age-stratification, we consider multiple circulat-
ing variants, with the introduction of the Delta variant in spring 2021 
of primary interest. The next-generation matrix for each variant is as-
sumed to be the same up to a variant specific transmission multiplier. 
For convenience we express the age profile of exposed and infectious 
individuals as vectors (i.e. 𝐄(𝑡) = {𝐸1(𝑡), .., 𝐸𝑁age

(𝑡)}), and the number of 
exposed individuals with variant 𝑣 as 𝐄𝑣(𝑡), then the infection model is
𝐄𝑣(𝑡 + 1) = (1 − 𝑘)𝐄𝑣(𝑡) + 𝐍𝑣(𝑡 + 1),

𝐍𝑣(𝑡 + 1) = 𝜇𝑣𝐺(𝑡)𝐈𝑣(𝑡) + 𝐒𝑣(𝑡),
𝐈𝑣(𝑡 + 1) = (1 − 𝑘)𝐈𝑣(𝑡) + 𝑘𝐄𝑣(𝑡),

(1)

where 𝐍𝑣(𝑡 + 1) is the number of new infections, 𝐒𝑣(𝑡 + 1) are seed infec-
tions (see Appendix A.1.5), and 𝜇𝑣 is the variant transmissibility multi-
plier for the 𝑣th variant.

The infection dynamics model (1) is relatively standard, the novel 
part of the model is for the next-generation matrix 𝐺(𝑡), which has 
𝑁2

age components per time-step. Clearly the ONS survey data is insuf-
ficient to determine all these parameters independently, therefore we 
must impose some structure on how the components vary through time. 
However, there are some basic patterns of social mixing which must 
be respected, therefore as a base we use the Comix contact matrix from 
September 2020. The base matrix is adjusted on each time-step by multi-
plying it element-wise (i.e. Hadamard product, represented by ⊙) with a 
rank-1 matrix (i.e. a matrix formed by taking the outer product of 2 vec-
tors). Each time step we estimate a vector 𝐀(𝑡), then form the multiplica-
tive rank-1 matrix by taking the outer product of 𝐀1−𝜌 with 𝐀𝜌, where 𝜌
is an estimated mixing parameter. The operation of element-wise mul-
tiplication by a rank-1 matrix is equivalent to pre- and post-multiplying 
the contact matrix by diagonal matrices, therefore it is equivalent to ad-
justing the susceptibility and infectiousness of each age-group, with 𝜌
determining the split between the two. An example of this adjustment 
with 3 age-groups is 
𝐶 ⊙ (𝐀1−𝜌(𝐀𝜌)𝑇 ) = diag(𝐀𝟏−𝛒(𝑡))𝐶 diag(𝐀𝜌(𝑡))

=

⎡

⎢

⎢

⎢

⎣

𝐶11𝐴1 𝐶12𝐴
1−𝜌
1 𝐴𝜌

2 𝐶13𝐴
1−𝜌
1 𝐴𝜌

3
𝐶21𝐴

1−𝜌
2 𝐴𝜌

1 𝐶22𝐴2 𝐶23𝐴
1−𝜌
2 𝐴𝜌

3
𝐶31𝐴

1−𝜌
3 𝐴𝜌

1 𝐶32𝐴
1−𝜌
3 𝐴𝜌

2 𝐶33𝐴3

⎤

⎥

⎥

⎥

⎦

,
(2)

note that this introduces 𝑁age parameters to be estimated at each step 
instead of 𝑁2

age if the full contact matrix was re-estimated. Finally, the 
generation matrix is multiplied by a scalar 𝑅(𝑡), which models global 
changes in the transmissibility which effect all age-groups (e.g. lock-
downs). The next-generation matrix is thus 
𝐺(𝑡) = 𝑘𝑅(𝑡) diag(𝐀𝟏−𝛒(𝑡))𝐶 diag(𝐀𝜌(𝑡)), (3)

where 𝐶 is the Comix contact matrix normalised by its largest eigenvalue 
(see Appendix A.1.3). The reason for this normalisation and the factor 

of 𝑘, is that if 𝐀 = 𝟏, then 𝑅(𝑡) is the reproduction number. The values of 
𝑅(𝑡) and 𝐀(𝑡) are expected to be highly auto-correlated in time, therefore 
we model them as zero-drift log-normal processes.
log(𝑅(𝑡 + 𝜏)) = log(𝑅(𝑡)) + 𝜖(𝑡),

𝜖(𝑡) ∼ 𝑁
(

−𝜎2𝑅∕2, 𝜎
2
𝑅
)

,

log(𝐀(𝑡 + 𝜏)) = log(𝐀(𝑡)) +µ(𝑡)

µ(𝑡), ∼ 𝑁
(

−𝟏𝜎2𝐴∕2, 𝜎
2
𝐴𝐼

)

,

(4)

where 𝜎2𝑅 and 𝜎2𝐴 are the variances of the movements between time-steps 
and are estimated parameters; and 𝜏 is the time between survey rounds 
(2 weeks). For the duration of each survey round we use a constant value 
for 𝑅 and 𝐀, as it is not possible to estimate the parameters at a finer 
scale than the data to which we fit the model. Note that although the 
next-generation matrix is constant within each round of the survey, the 
generative model calculates new infections daily.

2.2.2.  Observation model
The generative model is linked to the survey data using an obser-

vation model. The positivity rate, 𝑝𝑖(𝑡), for an age-group during each 
survey period is estimated by summing the mean values of the exposed 
and infectious individuals across variants. In the model we use a mean 
generation time of 5.5 days, therefore we are assuming that individu-
als test positive for an average of 11 days. Individuals in the survey are 
assumed to be drawn randomly from the population, so the number of 
positive test samples in each round is distributed binomially.

𝑝𝑖(𝑡) =
1

𝜏𝑃 𝑜𝑝𝑖

𝜏−1
∑

𝑠=0

𝑁var
∑

𝑣=1

(

[𝐄𝑣(𝑡 − 𝑠)]𝑖 + [𝐈𝑣(𝑡 − 𝑠)]𝑖
)

𝑛pos,𝑖(𝑡) ∼ Bin(𝑁surv,𝑖(𝑡), 𝑝𝑖(𝑡)),

(5)

where 𝑃𝑜𝑝𝑖 is the total population in the 𝑖th age-group; 𝑛pos,𝑖(𝑡) is the 
number of positive tests and 𝑁surv,𝑖(𝑡) is the number of samples in the 
𝑖th age-group of the survey at time 𝑡. For the genomic data we assume 
that all samples are drawn equally from positive cases over the reporting 
period (i.e. there is no bias towards a particular variant or age-group). 
Let 𝑥𝑣(𝑡) be the probability that a sample in the reporting period ending 
at 𝑡 is of variant 𝑣, then

𝑥𝑣(𝑡) =
1

∑

𝑗 𝑥𝑗 (𝑡)

𝜏−1
∑

𝑠=0

(

𝟏.(𝐄𝑣(𝑡 − 𝑠)] + 𝐈𝑣(𝑡 − 𝑠))
)

𝐦(𝑡) ∼ MultiNomial
(

𝑀(𝑡), 𝐱(𝑡)
)

,

(6)

where 𝐱(𝑡) = {𝑥1(𝑡), .., 𝑥𝑁var
(𝑡)}, 𝑚𝑣(𝑡) are the number of samples of vari-

ant 𝑣 at time 𝑡, 𝐦(𝑡) = {𝑚1(𝑡), .., 𝑚𝑁var
(𝑡)}. and 𝑀(𝑡) is the total number 

of samples at time 𝑡.

2.3.  Parameter estimation

The model parameters were estimated in a Bayesian framework. 
Range priors are put on parameters (see Appendix A.2.1) with the ex-
ception of the base contact matrix and the generation time which are 
determined from the literature (see Appendix A.2.2). The posterior dis-
tribution of the parameters is estimated using MCMC, with the model 
implemented in RStan (Carpenter et al., 2017). We ran 12 chains of 
length 1000 with a burn-in period of 500. The largest Rhat across all pa-
rameters was 1.02 (mean < 1.01) suggesting the chains were well mixed. 
Full details are in the Appendix A.1.7 and the code is available on Github 
as the R package EpiAgeVar (Hinch, 2024).

3.  Results

3.1.  Validity of fit

The first test of the model is that it is able to fit the survey data. Fig. 1 
shows the model fit and ONS Infection Survey data of the positivity by 
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Fig. 1. Positivity by age-group throughout 2021. The points are from the ONS 
Survey data, with the error bars being the 95% credible interval (see Ap-
pendix A.1.6). The solid line is the median of the posterior distribution of the 
fitted model and the shaded area is the 95% credible interval. The charts show 
that the model successfully fitted the survey data.

Fig. 2. Proportion of infection samples for the Alpha and Delta variants. The 
points are from the COG-UK analysis of cases samples. The solid line is the 
median of the posterior distribution of the fitted model and the shaded area is 
the 95% credible interval. The charts show that the model successfully fitted 
the variant data.

age-group and demonstrates that at all points the posterior median lies 
within the 95% credible interval of the survey data and vice versa. Fig. 2 
shows the model fit to the COG-UK variant data and demonstrates that 
at all points the posterior median lies within the 95% credible interval 
of the survey data and vice versa.

The second test of the model is whether its parameters are identi-
fiable. Fig. 3 compares the posterior distributions (blue) to the prior 
distributions (grey) for the key model parameters, and the data were 
able to identify all of them. The model estimates the relative transmissi-
bility of the Delta variant to the Alpha variant of 2.21 (CrI: 2.19-2.25), 
which is consistent with previous estimates (Earnest et al., 2022). The 
estimate of the age dynamics split in 𝑅 between transmissibility and sus-
ceptibility (𝜌) is 0.34 (CrI: 0.15-0.47), suggesting that age dynamics are 
driven more by changes in susceptibility. The estimates of the standard 
deviation of the log-normal process for overall 𝑅 (𝜎𝑅) was 0.23 (CrI: 
0.16-0.34) and for the age-specific 𝑅 (𝜎𝐴) was 0.23 (CrI: 0.19-0.28), 
measured in units of fraction change in 𝑅 per survey interval (2 weeks). 
This suggests that approximately half of the change in 𝑅 over time could 
be attributed to population-wide changes and about half to change in 
specific age-groups.

3.2.  Age-attributed 𝑅(𝑡) and new infections

We now look at the model estimates of the reproduction number 𝑅
by age-group. We define 𝑅 for an age-group as the expected number 

Fig. 3. Posterior distribution of key model parameters. The blue bars are the 
posterior distribution and the light grey is the prior distribution. The data was 
able to identify all these parameters. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this 
article.)

Fig. 4. R by age-group through time. The solid line is the median of the posterior 
distribution and the shaded areas is the 95% credible interval of the posterior. 
The dashed black line is for 𝑅 = 1. The charts show that 𝑅 was consistently 
highest amongst school age children and lowest in older adults.

of new infections (of any age) generated by an individual of that age. 
Mathematically within the model this is 
𝐑𝑣(𝑡) = 𝜇𝑣𝑅(𝑡)(𝐀1−𝜌(𝑡))𝑇 𝐶 diag(𝐀𝜌(𝑡)), (7)

where 𝐑𝑣(𝑡) = {𝑅1,𝑣(𝑡), .., 𝑅𝑁Age ,𝑣(𝑡)} and 𝑅𝑖,𝑣 is the 𝑅 of the 𝑖th age-group 
infected with the 𝑣th variant at time 𝑡. Given that the difference in 𝑅
between variants is simply the transmissibility multiplier, we report the 
mean value across all variants weighted by the positivity of the variants 
at that time. Fig. 4 shows the posterior distributions of 𝑅 by age through 
time. 𝑅 was consistently the highest amongst school-age children and 
the lowest amongst older adults. The dashed line is at 𝑅 = 1, with 𝑅 < 1
consistently for adults over the age of 40 years.

An alternative measure of the importance of each age-group is to at-
tribute new infections by the age of the infector. Mathematically within 
the model this is 

𝝓(𝑡) =
∑𝑁var

𝑣=1 𝐑𝑣(𝑡)⊙ 𝐈𝑣(𝑡)
∑𝑁var

𝑣=1 𝐑𝑣(𝑡).𝐈𝑣(𝑡)
(8)

where 𝝓(𝑡) as the proportion of new infections by the age of the in-
fector and ⊙ is element-wise multiplication. Fig. 5 shows the posterior
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Fig. 5. Attribution of new infections by age of infector. The solid line is the 
median of the posterior distribution and the shaded areas is the 95% credi-
ble interval of the posterior. In early 2021, infectors were split approximately 
evenly by age, before being concentrated sequentially in young adults followed 
by school age children.

distributions of new infections by the age of the infector. The attribution 
of new infections is very similar to that of 𝑅, but the temporal patterns 
are amplified because the high values of 𝑅 in an age-group are corre-
lated with a higher incidence of infections.

We now compare the estimates of 𝑅 by age to the timing of events 
and interventions introduced to control the epidemic. Given that about 
half of the changes in 𝑅 are correlated across age-groups (since 𝜎R ≈ 𝜎A), 
clear temporal patterns are observed when we consider the relative 
value of 𝑅 between age-groups. As a denominator we use the 𝑅 of the 
age 50–59 year group, which was the most stable through time and 
is a group where the majority are employed but do not have school-
age children. Fig. 6(a) and (b) shows the 𝑅 for primary aged (5–11y) 
and secondary aged (12–17y) school children, along with the times at 
which the schools were open. In January and February 2021 the schools 
were closed in the UK during a national lockdown, and in this time 𝑅
of children was only 20% to 50% higher than that of the 50–59 year 
group. Schools re-opened on March 8th 2021, at which point the relative 
value of 𝑅 began to rise amongst school age children, only falling dur-
ing the school holidays. Additionally it should be noted that the 50–59 
year group received their first vaccine from late-February, reaching 97% 
coverage by mid-April.

Next we consider the relative 𝑅 of young adults (18–29y), which 
was stable and just above 1 at the start of the year (Fig. 7(a)). From 
mid-April and in May the relative 𝑅 of young adults began to increase, 
which coincided with the Step 2 (April 12th: shops and outdoor venues) 
and Step 3 (May 17th: indoor restaurants and pubs) of the UK Reopening 
Roadmap for easing of restrictions. The relative value of 𝑅 for young 
adults peaked at the start of July, which coincided with the Euro 2021 
football tournament when large groups gathered in pubs to watch the 
matches. A similar trend was observed in the UK COVID-19 App, where 
both contacts and transmissions peaked on the day of matches (Kendall 
et al., 2024). From mid-July the relative 𝑅 in young adults began to fall, 
reaching parity with the 50–59y age-group by October. It is not clear 
the exact reason for this decline, although it coincided with the time at 
which this age-group started to receive their COVID-19 vaccinations.

The final age-group we consider is the over 70y age-group, which 
up until August 2021 showed a consistent relative 𝑅 of about 0.8 to the 
50–59y group (Fig. 7(b)). In August and September 2021 the gap closed 

Fig. 6. Relative 𝑅 in different age-groups compared to the 50y-59y your group. 
The solid line is the posterior median and the shaded area is the 95% credible 
interval. School openings, are overlayed to give context as possible explanations 
for the changes in 𝑅.

to almost parity, before the relative 𝑅 dropped dramatically in October. 
A possible explanation for this is the waning of vaccine-induced immu-
nity in the older age-group. The UK followed a schedule of vaccination 
by age starting with the oldest age-groups, therefore people in the over 
70y group were typically vaccinated against 6 to 8 weeks prior to the 
50–59y group. In late September 2021, the UK commenced a booster 
vaccination programme, starting with the elderly and people with pre-
existing medical conditions, which provides a possible explanation for 
the relative reduction of 𝑅 in the over 70y group in October 2021.

In addition to the age-attributed 𝑅, the model can also be used to gen-
erate an overall 𝑅 estimate (Fig. 8), which is the mean age-attributed 𝑅
weighted by the number of positive individuals. The overall 𝑅 shows 
3 periods where it rose rapidly. Firstly, in March 2021, 𝑅 increased 
rapidly following the initial school openings after the 3rd national lock-
down, before falling again over the Easter holidays. Secondly, in May 
2021, 𝑅 increased rapidly, driven by arrival of the more transmissible 
Delta variant, the school term, and the re-opening of shops, restaurants 
and entertainment venues. Finally, there was a brief but sharp peak in 
late-June and early-July, probably caused by increased social gatherings 
linked to the Euro 2021 football tournament.

An alternative way to age attribute 𝑅(𝑡), is to allocate to each age-
group proportional to the number of new infections generated by each 
group (Fig. 9). Since the total number of new infections generated by 
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Fig. 7. Relative 𝑅 in different age-groups compared to the 50–59y your group. 
The solid line is the posterior median and the shaded area is the 95% credible 
interval. Key events are overlayed to give context as possible explanations for 
the changes in 𝑅.

Fig. 8. Overall estimate of 𝑅(𝑡), annotated with key events which would likely 
effect it. The line is the posterior median estimate and the shaded error is the 
95% credible interval.

each group is the 𝑅 for the age-group multiplied by the number of in-
fectious people in that age-group, the difference between age-groups is 
larger because ages with higher 𝑅 typically also have a higher incidence 
of infections. The results show that in early 2021 that new infections 
were spread across all age-groups, however, by late-spring new infec-
tions were predominately transmitted by school-age children and young 

Fig. 9. Overall estimate of 𝑅(𝑡) attributed to each group. The total height of the 
bars is posterior mean of 𝑅(𝑡) (i.e. Fig. 8), and the divisions by age are propor-
tional to the total number of new infections generated by individuals in each 
age-group.

Fig. 10. Relation between age-attributed 𝑅 relative to the population 𝑅 and 
positivity by age-group relative to the overall positivity.

adults. In autumn 2021, following the start of the school term, the vast 
majority of new infections were transmitted by school-age children.

3.3.  Positivity and r(t)

The model parameters are estimated using age-dependent survey 
data, therefore the differences in age-attributed 𝑅 will be driven by pos-
itivity differences between age-groups. To investigate this further, we 
plotted the relative 𝑅 against the relative positivity for each age-group 
at each time point (Fig. 10), note the axis are logarithmic. Relative 𝑅 and 
relative positivity are highly correlated (Pearson correlation 0.869; CrI 
0.828–0.897), however their logarithms have a substantially higher cor-
relation (Pearson correlation 0.921; CrI 0.897–0.939), suggesting that 
the data is better fit by a power-law than a linear function. Regressing 
the logarithmic values yields 𝑅rel ∝ Pos0.64rel  (exponent CrI: 0.60–0.67), 
meaning that the variation in 𝑅 is less than that in the positivity.

4.  Discussion

In this paper we estimated the contribution of different age-groups 
to the reproduction number (𝑅) of COVID-19 in England through-
out 2021, using the ONS Infection Survey. We developed a Bayesian 
model which estimated a dynamic next-generation matrix comprised 
of a static survey-derived social-contact matrix, multiplied by a low-
rank dynamic matrix. This split of the next-generation matrix is novel 
and extends existing work in the field, such as the EpiEstim tool-
box (Cori et al., 2013), allowing us to quantify the contribution of
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different age-groups. Our findings suggest that whilst R was typically 
highest for school-age children (5–11y and 12–17y) and lowest for the 
elderly (60–69y and 70y+), different dynamic patterns were observed 
in each age-group. For example, 𝑅 for school-aged children (5–11y and 
12–17y) typically rose during term-time and then fell during the school-
holidays. The dynamics for young adults (18–29y) were particularly in-
teresting, which increased relative to older adults in late-spring 2021 
following the re-opening of entertainment venues. The 𝑅 peaked for 
young adults (18–29y) in July 2021 coinciding with the period of the 
Euros football tournament, before rapidly dropping as the national vac-
cination program reached this group in August 2021.

The key data which generated the age-specific 𝑅 estimates was the 
difference in test positivity between age-groups in the ONS Infection Sur-
vey, along with a base estimate of the social-mixing matrix. It should be 
noted that the positivity time-series could be fit by a model with no mix-
ing between age-groups, which would have led to very similar estimates 
of 𝑅(𝑡) for each age-group, due to high correlation between the positiv-
ity time-series. However, if we tried to estimate an unconstrained social-
mixing matrix to only the positivity data, we would run into the prob-
lem of parameter non-identifiability due to the high-dimensionality of 
the time-dependent next-generation matrix. The novel approach of our 
work was to constrain the form of the social-mixing matrix, using a base 
matrix from a social-mixing survey and adjusting it using an (estimated) 
rank-1 matrix i.e. only estimating 𝑁age parameters per time-step instead 
of 𝑁2

age. The time-dependent parameters were further constrained by 
modelling them as log-normal processes, thus constraining the social-
mixing matrix to vary gradually with time. With these 2 constraints on 
the social-mixing matrix, the model parameters were identifiable in the 
sense that their posterior distributions were distinct from the prior dis-
tributions, and that the inter-age difference in dynamic patterns were 
greater than the posterior credible intervals. One of the strengths of our 
model is that it only requires a base estimate of the social-mixing ma-
trix and age-stratified estimates of positivity. Therefore, the approach is 
translatable to other settings and diseases where pathogens are transmit-
ted over a social-network, providing there are age-stratified estimates of 
infection incidence.

Our modelling approach has some limitations. Firstly, the constraints 
on the dynamic factor of the next-generation matrix might be too sim-
plistic, for example, dynamic changes in relative transmissibility and 
susceptibility of an age-group are fully correlated. However, when we 
consider an intervention such as vaccination, it is likely to have a larger 
effect in reducing susceptibility than transmissibility. Secondly, we as-
sume that individuals test positive for the same length of time regardless 
of age. Estimates of viral load kinetics suggest that older adults (> 50
years) will take 2–3 days longer (about 25% of total time) to clear de-
tectable virus than younger adults (<50 years), see Fig. 2 of Hay et al. 
(2022). Thus our model will over estimate the number of infections in 
older adults relative to younger adults, although this effect would be 
reasonably small because the relative difference in the length of time of 
detectable virus is small. Additionally, the latency and infectious period 
are assumed to be the same for all age-groups, which is a simplification 
given the difference in viral load kinetics with age. Finally, within the 
model we do not attempt to attribute difference in 𝑅 to known interven-
tions, thus we do not directly estimate the effect of interventions. For 
example, if we included data on the proportion of age-group vaccinated 
by time, we could then try to directly estimate the vaccine efficacy.

In summary, we developed a Bayesian model that could estimate the 
age-specific contribution to sustaining the SARS-CoV-2 epidemic in Eng-
land throughout 2021. Our findings suggest that the largest contribution 
to the epidemic over this period in England was from school-age children 
(5–11y or 12–17y ) or from young adults (18–29y) while the least con-
tribution came from the elderly age-cohorts (60y+). These findings are 
in line with existing studies that have identified the 20–29y old as a cru-
cial group to sustaining the epidemic across different settings over 2020 
and 2021, e.g Kiem et al. (2021); Boldea et al. (2024). Our model and 
the results it generates are an important tool that can inform 𝑅 across 

ages, and hence the impact of different public health policies during 
an epidemic. By identifying the core groups that sustain the epidemic, 
furthermore our work can contribute to the design and evaluation of 
targeted non-pharmaceutical and pharmaceutical interventions.
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Appendix A 

A.1.  Further methods

A.1.1.  Alignment of age-groups
The split of age-groups in the Comix survey and the ONS Infection 

survey are not exactly the same. Therefore, we used the Comix survey 
age-groups, and mapped the ONS Infection survey to these age-groups 
by assuming a uniform distribution of participants by age within each 
age-group.

A.1.2.  Alignment of reporting periods
The ONS Infection survey reporting period is bi-weekly, whilst the 

COG-UK reporting period is weekly (although both align to the same 
day of the week). When the model is fit to the data, we combine the 
COG-UK data in to bi-weekly reporting periods which match the ONS 
reporting periods.

A.1.3.  Base contact matrix details
The base contact matrix (𝐶) is taken from the Comix survey, in par-

ticular we use the matrix labelled “4. School Reopening” from Septem-
ber 2020. We chose this matrix since it came from a survey when there 
was not a national lockdown, schools were open, but some social-mixing 
restrictions did apply, so thus best reflected 2021. The contact matrix 
was normalised by dividing each element of the matrix by the principle 
eigenvalue. This is equivalent of shifting the prior on log𝑅(0) and is done 
so that a value of 𝑅(0) = 1 is when the reproduction number is 1.

A.1.4.  Initial conditions
The initial conditions for log𝑅(0) and log𝐀(0) are drawn from range 

priors (see Appendix A.2.1). For the Alpha variant, the initial number of 
people in the exposed and infected compartments were fixed to match 
the positivity rates from the first round (split equally between fixed and 
exposed). For the Delta variant, there were initial no infections.
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A.1.5.  Seeding the Delta variant
The Delta variant was not present in England at the beginning of the 

study period, with the first cases being observed at the end of March 
2021. Therefore, the Delta variant was seeded in to the model by exter-
nally introducing new infections (spread equally by age) on a daily basis 
at the end of March 2021 and in early April 2021 (see Appendix A.2.2). 
The daily seeding rate is an estimated model parameter with a range 
prior (see Appendix A.2.1).

A.1.6.  Estimation of confidence intervals
In Figs. 1 and  2 we display confidence intervals for the ONS Infec-

tion Survey estimates of positivity and COG-UK estimates of proportion 
of each variant. Due to the large sample sizes, we can use the stan-
dard normal approximation to estimate the Wald intervals, and show 
the 95% symmetric confidence interval.

A.1.7.  MCMC parameter estimation
The model was implemented in RStan and samples were drawn 

from the posterior distribution using the default NUTS sampler. The 
adapt_delta parameter was increased to 0.90 to prevent divergent tran-
sitions which were observed with the default sampler settings, and the 
maximum_tree_depth parameter was increased to boost efficiency. The pa-
rameters were estimated by running 12 chains with 1,000 samples per 
chain in batches of 3 on a 2020 MacBook Pro, each batch took approx-
imately 3.5 hours to run.

A.2.  Table of model parameters

A.2.1.  Table of priors on the model parameters

 Parameter and Description  Min  Max
 Log of initial reproduction number, 𝑅(0)  log(0.8)  log(1.2)
 Log of initial age factors, 𝐀(0)  log(0.4)  log(2.5)
 S.d. of (bi-weekly) change in 𝑅, 𝜎𝑅  0.0001  0.5
 S.d. of (bi-weekly) change in 𝐀, 𝜎𝐴  0.0001  0.4
 Maximum bi-weekly change in 𝑅  0.5  2
 Maximum bi-weekly change in 𝐴  0.5  2
 Susceptible vs transmissible factor, 𝜌  0.01  0.99
 Seeding rate of Delta variant  0  50
 Transmissibility of Delta vs Alpha  1.00  3.00

A.2.2.  Table of the fixed model parameters

 Parameter and Description  Value
 Data frequency  14 days
 Generation time  5.5 days
 Seeding period for Delta variant  20th March–20th April

A.2.3.  Table of the Stan sampling parameters

 Parameter  Value
 Number of MCMC chains  12
 Samples per Chain  1,000
 Burn-in period  500
 Maximum Tree Depth  12
 Adapt delta  0.90
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