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Abstract

Mathematical and statistical models can be used to make predictions of how epidemics may

progress in the near future and form a central part of outbreak mitigation and control.

Renewal equation based models allow inference of epidemiological parameters from histori-

cal data and forecast future epidemic dynamics without requiring complex mechanistic

assumptions. However, these models typically ignore interaction between age groups,

partly due to challenges in parameterising a time varying interaction matrix. Social contact

data collected regularly during the COVID-19 epidemic provide a means to inform interac-

tion between age groups in real-time. We developed an age-specific forecasting framework

and applied it to two age-stratified time-series: incidence of SARS-CoV-2 infection, esti-

mated from a national infection and antibody prevalence survey; and, reported cases

according to the UK national COVID-19 dashboard. Jointly fitting our model to social contact

data from the CoMix study, we inferred a time-varying next generation matrix which we used

to project infections and cases in the four weeks following each of 29 forecast dates between

October 2020 and November 2021. We evaluated the forecasts using proper scoring rules

and compared performance with three other models with alternative data and specifications

alongside two naive baseline models. Overall, incorporating age interaction improved fore-

casts of infections and the CoMix-data-informed model was the best performing model at

time horizons between two and four weeks. However, this was not true when forecasting

cases. We found that age group interaction was most important for predicting cases in chil-

dren and older adults. The contact-data-informed models performed best during the winter

months of 2020–2021, but performed comparatively poorly in other periods. We highlight

challenges regarding the incorporation of contact data in forecasting and offer proposals as

to how to extend and adapt our approach, which may lead to more successful forecasts in

future.
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Author summary

Short term epidemic forecasts help policy makers to plan and implement response activi-

ties. It can be useful to have such forecasts separately for different age groups, in order to

reflect potential differences in transmission and incidence of infection between age groups

as well as differences in risk of severe disease or death. A key challenge in developing age-

specific models is understanding how different age-groups interact. We used data col-

lected during a large-scale weekly survey of social contacts in the UK to inform this inter-

action in a model for short-term forecasts of COVID-19. To assess whether allowing

interaction between age-groups and the use of contact data improved forecasts, we com-

pared our forecasts to those from a set of models that either didn’t use current contact

data or treated each age group as a separate population. We found that including timely

contact data improved predictions when forecasting two to four weeks into the future, but

this improvement was not consistent throughout the epidemic. The best improvement

was measured during a long national "lockdown". We also found that inclusion of age-

group interaction and use of contact data were most important when forecasting infec-

tions in older adults and young children.

Introduction

Effective epidemic response relies on accurate infection surveillance to provide status updates

which support decision makers [1]. Surveillance data can be enhanced by estimating key epi-

demiological parameters in real-time such as the growth rate and time-varying reproduction

number (Rt) and by generating short-term forecasts of incidence of infection, hospitalisation

and mortality [2–4]. These provide estimates of the current and future epidemic trajectory to

public health decision makers. As such a host of approaches have been developed to make

short term epidemiological forecasts. A popular genre of methodology for infectious disease

forecasts are renewal equation based ‘semi-mechanistic’ models [2,4–6], which infer key epide-

miological parameters from historical time-series data, in particular changes in transmission

intensity, and use them to forecast future epidemic dynamics without requiring the more

detailed assumptions and complex mathematical framework involved in ‘fully-mechanistic’

models (e.g. compartmental or agent based models).

Age has been shown to be an important factor in both transmission risk [7,8] and severity

of disease [9–11] caused by SARS-CoV-2. This is not unique to the COVID epidemic. In the

past, epidemiological analysis and modelling have shown that variability and homophily in

transmission by age have important implications for the dynamics of infection [12–15]. More-

over, age distribution of infection has important implications for the potential burden of dis-

ease as infection moves between age groups, who are more and less prone to severe illness and

death [7,8,16].

Throughout the pandemic there has been a great deal of variance in prevalence of infection

between age groups. Although this further motivates the requirement for age-specific forecasts,

especially to better understand the risk to particularly vulnerable groups, this heterogeneity in

prevalence also suggests that transmission rates between age groups may need to be captured

to effectively make such forecasts. However, the high dimensionality of this problem means

that the full age interaction matrix is not identifiable from epidemiological data alone [17].

Instead, much infectious disease dynamics research in the past 30 years has made assumptions

in line with the social contact hypothesis [17]. It states that the rate of transmission of directly

infectious agents is proportional to the population-level rate of social contact between
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population groups. This hypothesis is the basis for age-structured mixing assumptions in

many mathematical models. Such models are generally parameterised from data gathered in

social contact surveys [15,18], which typically ask participants to report their social contacts

from a fixed period in the recent past, e.g. the last 24 hours. Participants are also asked about

the characteristics of their contacts at each contact event, usually including age [15]. A key

challenge to the use of historically collected contact data has been of their temporal and geo-

graphical generalisability. This is especially true when non-pharmaceutical interventions

(NPIs) are in effect, potentially drastically changing the contact behaviour of the general pub-

lic. The variability in behaviour with time and age during a pandemic makes parameterisation

of age-specific real-time models particularly challenging as up-to-date information on interac-

tion is essential for time-varying parameterisation of the model.

During the COVID-19 pandemic, as a means to monitor the behaviour of the general pub-

lic relevant to transmission and provide insight into risk posed to vulnerable populations, a

number of studies were conducted to survey social contacts at a frequency and scale not seen

previously. One example is the CoMix study, which collected contact data weekly between

March 2020 to March 2022 in 19 European countries [19–22]. The UK arm of the study,

which involved a survey of greater than 5000 participants, was the first to launch and most

complete in terms of data collected over this period. This regularly collected contact data pro-

vides a means to parameterise models with temporally and geographically relevant estimates

of social interaction, and an opportunity to evaluate how incorporating such data into a real-

time analysis framework impacts forecast performance at different scales.

Existing studies of forecasting performance [5,6,23] have focused on age-agnostic numbers

of cases, hospitalisations and deaths. Probabilistic forecasts can be robustly assessed using

proper scoring rules [24]. Although these methods have been popular for some time in other

fields, they have only recently been applied to epidemic forecasts [5,6,23]. To the authors

knowledge one such evaluation has previously been made [25] of age-stratified epidemic fore-

casts however, the study by Held et. al. used historical contact data to parameterize interaction

between age groups and evaluated at a population level by summing age-specific forecasts. To

our knowledge there has been no evaluation of the use of the regularly collected age-stratified

contact data in comparison to other approaches to make short term forecasts at an age group

specific level.

Here we present age-specific forecasts in the UK, with the aim of understanding whether

incorporating the weekly collected social contact data improves the predictive ability com-

pared to ignoring this interaction. We incorporated data from the CoMix study in a semi-

mechanistic forecasting framework and applied this to case numbers, as the most commonly

tracked metric for COVID-19 dynamics in the UK throughout the pandemic. We further

applied it to infection incidence estimated from a weekly cross-sectional household survey of

infection [26,27] in order to better understand the influence of reporting patterns on results.

To quantify the relative benefits of incorporating interaction between age groups and specific

contact data into forecasts we compared three models with interaction between age groups

with an equivalent model with no such interaction and evaluated the models against two naive

baseline models.

Materials and methods

Study overview

To establish the relative benefit of incorporating interaction between age groups in short-term

epidemiological forecasts, we implemented four age-stratified semi-mechanistic models,

which each estimate a time-varying Next Generation Matrix (NGM). This matrix is inferred as
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the interaction matrix between age groups under the assumption that all infections in each age

group are informed by the sum of past infections in all age groups weighted by the distribution

of time between infections, the generation interval distribution and the NGM. Two of the

models included interaction between age groups: The first of which was informed by contact

data from the CoMix study (regularly collected during the period of study). To evaluate the

benefit of regularly collected contact data over interactions informed by previously collected

contact data, we implemented a second instance of the same model using data collected in the

POLYMOD survey. This survey conducted in 2008 was designed to measure rates of contact

in the population for parameterisation of mathematical models of infectious transmission. The

POLYMOD data represent contact during a non-pandemic period and in our study repre-

sented an interaction assumption that may be made if the regularly collected CoMix data were

not available. Gimma et. al. [19] compared CoMix survey rounds and POLYMOD data in

detail, showing that the mean contact rates varied substantially in all age groups between

CoMix and POLYMOD, but also between the rounds of CoMix. In particular, the relative rate

of contact in children varied between rounds. For example, compared to POLYMOD, there

was a much greater reduction in childrens’ contacts than adults’ during periods that schools

were closed, however as schools re-opened the childrens’ contacts almost returned to parity

with POLYMOD, whereas adults’ contacts remained reduced. Hence the CoMix data added

information on both time-varying mean contacts and variation in the interaction between age-

groups.

In the third model the interaction between age groups was not informed by contact data at

all, but estimated entirely from historical epidemiological data. We do not anticipate the

inferred contact matrix to necessarily reflect the true contact rates due to the aforementioned

challenges with identifiability. Rather, we wish to test if an over-fit contact matrix from this

model performs better than the model based on the collected data. We compared these models

with a fourth model which allowed no interaction between age groups.

We applied this to reported cases, as a commonly available quantity for forecasting epi-

demic dynamics [5]. This, however, incurs a secondary challenge due to potential variability in

reporting of cases by age and over the course of an epidemic, which may serve to complicate

our interpretation of the application of contact data to forecasts. Hence, to isolate the impact

of incorporating contact data we chose to additionally apply the models to estimated infection

incidence from a repeated cross-sectional household survey of infections.

We made forecasts of weekly reported cases using the data from the UKHSA Covid-19

dashboard. For convenience we used the full case time-series aggregated to weekly incidence

and truncated at different forecast dates, rather than the data available on each forecast date.

Although this does not give a full picture of the real-time applicability and performance of the

model, it avoids complications in delays in gathering case reports which require additional

treatment prior to application of a forecasting model such as truncation of the most recent

data or now-casting [28]. Secondly, we applied the models to estimates of weekly incidence of

infection estimated [26] from national infection prevalence data, again with the full final data

set truncated at each forecast date rather than snapshots available at the time. To further isolate

the role of contact data in the forecasts of infections, we used weekly age-stratified estimates of

antibody prevalence to inform age-specific susceptibility.

Data

We accessed daily, age-stratified, case data from the UK COVID-19 dashboard [29] on 11th

May 2022. We aggregated this data to weekly incidence by taking the sum of the previous 7

days, aligned such that the weekly data is reported on the proposed forecast dates, to forecast
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weekly case counts in future weeks. The case reports were grouped in seven decade groups

between zero and 69 years with a single group for over 70 year olds (0–9, 10–19, . . ., 60–69, 70

+). Dates in the case data corresponded to the day on which the infected individual was

swabbed.

We accessed aggregates of SARS-CoV-2 infection prevalence and antibody prevalence col-

lected as part of the COVID-19 infection survey (CIS) through the CIS Website [27] on 18th

March 2022. Here infection prevalence is defined as PCR test positivity prevalence under the

protocol of the CIS. We used data covering the period between August 2020 and January 2022

to estimate weekly infection incidence and antibody prevalence for seven age groups (2–10,

11–15, 16–24, 25–34, 35–49, 49–69 and 70+). In addition to the CIS data, we used vaccination

data published by the National Health Service and accessed via the UK coronavirus dashboard

[29] on the same date (Fig A in S1 Text).

We generated SARS-CoV-2 infection incidence and antibody prevalence time-series for the

period between August 2020 and January 2022 using an approach described elsewhere [26,30]

(Fig 1), henceforth described as the inc2prev model. To establish a weekly time-series of infec-

tions we took the sum of incident infections in each week on a sample-by-sample basis and cal-

culated the credible intervals from the resultant sum, this constitutes the distribution of weekly

infections according to our modelled estimates. To establish a weekly time series of antibodies

we took the antibody prevalence distribution on the last day of each week and calculated credi-

ble intervals from the full posterior sample. We accounted for the uncertainty in the estimated

antibody prevalence and infection incidence by including them as latent parameters in our

model with the prior at each day informed by the estimated distributions above (see the Trans-

mission Model section of this paper for more details)

We combined these data with social contact data collected as part of the CoMix social con-

tact survey (CoMix) [19,31], a multinational, weekly, cross-sectional survey of social contacts.

We used published weekly contact matrices from the UK arm of CoMix, generated under the

framework described previously [20].

Fig 1. Estimated incidence of A) infection, B) antibody prevalence from the ONS Community Infection Survey (CIS) and C) case reports from the UKHSA

COVID-19 Dashboard, each shown by age group.

https://doi.org/10.1371/journal.pcbi.1011453.g001
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Transmission model

We extended the concept of the Next Generation Matrix to include transmission interval dis-

tributions (the generation interval for infections, and the interval between a positive test in

infector and infectee for cases). Here, the number of incident cases or infections I(t) at time t
was given by the sum of the products of the next generation matrix N and the age-stratified

vector of cases or infections on dates between t-smax and t-1, weighted by the transmission

interval distribution w(s).

I!ðtÞ ¼
Xsmax

s¼1

wðsÞ �Nðt � sÞ I!ðt � sÞ ð1Þ

where smax is a fixed upper-limit of the transmission interval distribution, set to 4 weeks and w
(s) is assumed to follow a discretised log-normal distribution with time since the primary

event (infection or positive test of the infector):

wðsÞ ¼ ðFLNormðs;wm;wsÞ � FLNormðs � 1;wm;wsÞÞ=FLNormðsmax;wm;wsÞ ð2Þ

where FLNorm is the cumulative distribution function of the log-normal distribution with

parameters wμ and wσ. Under the social contact hypothesis [17], the next generation matrix is

calculated by multiplying the contact matrix, C(t) quantifying the mean number of contacts

between age groups, with vectors of age-specific susceptibility, s!, and infectiousness, i!,

where each element, sa and ia give the specific susceptibility and infectiousness of age group, a
[13].

NðtÞ ¼ diagð s!ÞCðtÞdiagð i!Þ ð3Þ

We assumed that age specific infectiousness, is inherent and unrelated to time varying fac-

tors associated with the epidemic. We assumed that age-specific susceptibility included two

components:

sa ¼ sab;asinh;a ð4Þ

The first (sab,a) is the age-specific acquired immunity to infection in age group a, this is

informed by weekly antibody prevalence estimates from inc2prev. We used a leaky definition

of antibody effectiveness in line with the definition used in the estimation of the infection and

antibody timeseries:

sab;a ¼ 1þ ðF � 1ÞAaðtÞ ð5Þ

Where F is the effectiveness of antibodies in preventing infections in an exposed member

of the population and Aa(t) is the antibody prevalence in age-group a at time t. The second

component ( s!inh) is due to an age-correlated variation in inherent susceptibility to infection

and unrelated to time-varying factors associated with the epidemic. Both s!inh and i!were

assumed to remain constant in time, such that all of the variation in the next generation matrix

by time is governed by changes in contacts and estimated antibody derived immunity. Both

s!inh and i!were fit as random effects in a hierarchical framework (Table 1). To account for

uncertainty in estimates of antibody prevalence, Aa(t) was also estimated in our model, the

prior was based on the mean and standard deviation of the previously estimated antibody

prevalence using inc2prev (Aμ,a(t), Aσ,a(t)).
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Parameter estimation and forecasting

To allow variation in parameter values over the course of the study period, we parameterised

the model with the estimated antibody prevalence and contact matrices and fitted it to 8 weeks

of weekly estimated infection or reported case data prior to the forecast date. We fitted the

model using Hamiltonian Monte Carlo, implemented in the Stan probabilistic programming

language [32] we assessed the performance of the model fits by monitoring convergence met-

rics and transition divergences.

We fitted to the mean infection time series under the likelihood:

I
m

!
ðtÞ � normalð

Xsmax

s¼1

wðsÞNðt � sÞIm
!
ðt � sÞ;s0IðtÞÞ ð6Þ

Where s0I
�!
ðtÞ is the vector of the overall uncertainty in the modelled infections for each age

group., Each age-group element (e.g. σ’I,a, for age group a) combines the time-varying, age spe-

cific inherent uncertainty in the NGM model, σI,a, and the standard deviation of the infection

estimates, Iσ,a,

s0I;aðtÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

I2
s;a þ sI;aðtÞ

2

q

ð7Þ

Table 1. Model parameters and priors.

parameter Symbol Prior Ref.

Antibodies Aa(t) AðtÞ � normalðAa;mðtÞ;Aa;sðtÞÞT½0; 1�

Antibody protection F � � gammað2; 2ÞT½0; 1�
Generation interval distribution log-mean and log-variance w(t) wmean ¼ 5=7

wsd ¼ 5=7

ws;prior ¼ logðððw2
sdÞ=ðw2

meanÞÞ þ 1Þ

wmu;prior ¼ logðwmeanÞ � ðws;priorÞ=2

wmu � normalðwm;prior;wm;prior=5ÞT½0; �
ws � normalðws;prior;ws;prior=5ÞT½0; �

[34–36]

inherent susceptibility sinh shmu � Betað24; 24Þ

shsd � normalð0:1; 0:02ÞT½0; �

s0inh;a � normalð0; 1Þ
sinh;a ¼ shmu þ shsds0inh;a

[16]

inherent infectiousness ia ihmu � Betað12; 4Þ

ihsd � normalð0:1; 0:02ÞT½0; �

i0a � normalð0; 1Þ
ia ¼ ihmu þ ihsdi0a

[16]

Contact matrices C Cab � gammað2; 2Þ
Uncertainty in infections CVI CVI � normalð0:05; 0:025ÞT½0; �
Uncertainty in cases CVc CVc � normalð0:05; 0:01ÞT½0; �
Uncertainty in contacts σcm scm � normalð0:05; 0:025ÞT½0; �

Where T[a,b] indicates distribution is truncated between the values a and b

https://doi.org/10.1371/journal.pcbi.1011453.t001
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σI,a is constructed at each time point from the estimated coefficient of variation CVI,a and

infection incidence such that:

sI;aðtÞ ¼ CVI;aIm;aðtÞ ð8Þ

Where Iμ,a(t) is the mean of the infections estimated using inc2prev in age group a. This

ensures the uncertainty scales with the magnitude of the infection incidence estimates. We fit

to the case time series c(t) under the likelihood:

c!ðtÞ � normalð
Xsmax

s¼1

wðsÞ � Nðt � sÞ c!ðt � sÞ; sc
!ðtÞÞ ð9Þ

Where σC is the modelled uncertainty in cases and is constructed from the estimated coeffi-

cient of variation CVC at each time point for each age-group (a) such that:

sc;aðtÞ ¼ CVc;acm;aðtÞ ð10Þ

which ensures the uncertainty scales with the magnitude of the reported case incidence. To

incorporate the contact data in the CoMix based model we jointly fit the contact matrices

under the likelihood:

CabðtÞ � normalðCm;ab; s
0

cm;abÞ ð11Þ

Where, Cab(t) is the rate of contact between age groups a and b at time t, Cμ,ab is the mean

rate of contact recorded between age groups a and b, and

s0cm;ab ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

C2
s;ab þ s

2
cm

q

ð12Þ

and Cσ,ab is the observed standard deviation of the measured contact rate and σcm is the uncer-

tainty in the posterior contact rates.

Each of the models estimated a NGM which varied over the 8 weeks of prior data only by

changes in the estimated contact matrices and antibody inferred immunity, whilst the inherent

susceptibility and infectiousness vectors were assumed constant for the whole modelled

period. However, as each forecast date was modelled independently, all parameters were able

to vary between forecasts.

The priors we employed are given in Table 1. Antibody prevalence priors were set to the

distribution of the estimate provided by the model used to estimate incidence [30] and relative

susceptibility and infectiousness vector elements were set such that the Secondary Attack Rate

(SAR) was roughly half that of estimates of Household SAR in literature [33]—which aimed to

account for reduced risk of transmission to known contacts outside the household. The prior

for the log-mean (wμ) and log-standard-deviation (wσ) of the transmission interval had a mean

and standard deviation of 5 days to reflect the broad distribution or transmission intervals

recorded in literature [34–36], these were converted to the appropriate log-parameters for the

log-normal framework in Eq 2, and their prior was set to be normally distributed with a stan-

dard deviation of 20% of the mean.

We used posterior distributions of the parameters (Table 1) to project infections and cases

forwards up to four weeks after each forecast date. We note that contact data directly relevant

to the dates forecasted would not be known on the forecast date, so we used the contact data

corresponding to the week of the forecast date itself, assuming that these also reflected contacts

in the following week. For the case forecasts we offset the contact data by 7 days to account for

delay between infection and specimen date and used the generation interval as a proxy of the
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test-to-test distribution [37], which is consistent with a 5 day incubation period and a 2 day

report delay [38].

Model evaluation

We evaluated the performance of the NGM models (CoMix-data, POLYMOD-data, No-con-

tact-data and No-interaction) across 29 forecast dates between October 2020 and December

2021. We chose this period as there was major disruption to the CoMix survey during July

2020 and following changes in the survey in June 2020. We excluded dates after December

2021 due to the complication of the emergence of the Omicron variant, which has been shown

to evade immunity to a greater extent than earlier variants [39]. This would complicate our

interpretation of antibody prevalence as a mix of Omicron-specific and previously acquired

antibodies persist in the population.

We evaluated the forecasts against the reported number of cases or mean estimated number of

infections in the week forecasted, for case and infection forecasts respectively. We evaluated the

forecasts based on Continuous Ranked Probability Score (CRPS) and a measure of bias (see

appendix for definitions) each implemented using the scoringutils R package [40]. The CRPS mea-

sures the ‘distance’ of the predictive distribution to the observed data-generating distribution,

hence a lower score indicates more accurate predictions and therefore a higher performing model.

To summarise the performance of the entire model, we calculated the overall CRPS as the mean

CRPS across all age-groups. The bias measures the tendency for a model to over (positive value) or

under (negative value) predict the incidence in its projections, hence a bias of zero is optimal.

We also assessed the models calibration by evaluating the central interval coverage, hence-

forth referred to as coverage, of each model’s forecast (Proportion of incidence points which

fell in the ranges projected by the forecast model’s posterior distribution of future cases).

To provide a comparator as a lower bound of performance, we also evaluated two baseline

models. These baselines were intended to represent naive assumptions, which may be applied

without the use of a model. The first baseline assumed no change in incidence from the day

the forecast was made. The second calculated the change in incidence between the forecast

date and each week within the four week forecast horizon, the rate of change is projected as an

exponential extrapolation based on the previous two weeks of data. Both baselines were mod-

elled without uncertainty and, consequently, the CRPS reduced to the mean absolute error. To

provide a clear comparison of performance with and without interaction between age groups,

we provide all CRPS scores relative to the score of the no-interaction model (rCRPS).

As well as the overall performance of each forecasting model, we also evaluated the forecasts

by grouping forecasts made by each model in two ways. Firstly, we aggregated the forecasts by

age group—showing the relative performance of the models when forecasting incidence in

particular age categories. Secondly, to evaluate how performance changed over the course of

the analysis period, we scored the forecasts separately for seven key periods of the pandemic

(Table 2). For this we used the periods used in Gimma, et. al. [19] which overlapped with our

Table 2. Pandemic period names and dates.

Period Start date End date Characteristics

Lockdown 2 2020-11-05 2020-12-02 Increasing

Lockdown 2 Easing 2020-12-03 2020-12-19 Increasing

Christmas 2020-12-20 2021-01-04 Decreasing

Lockdown 3 2021-05-01 2021-03-08

Lockdown 3 Schools open 2021-03-09 2021-03-28 Decreasing to increasing change

Lockdown 3 easing 2021-03-29 2021-09-30

Opening up 2021-10-01 2021-11-24 Stable

https://doi.org/10.1371/journal.pcbi.1011453.t002
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analysis, with the addition of two periods that were not covered by the previous CoMix work.

Due to the small number of weeks covered by ‘Christmas’ and ‘Lockdown 3 schools open’ we

combined these with ‘Lockdown 3’ and ‘Lockdown 3 Easing’ respectively. The periods we ana-

lysed are defined by the non-pharmaceutical interventions in effect over the course of the UK

epidemic, however, to support interpretation of the forecast performance, we also character-

ised them based on the trajectory of the epidemic within each period as detailed in Table 2.

Age-specific transmission parameters

Finally, to compare the implicit assumptions within the models we applied, we assessed how

the values of the relative susceptibility and infectiousness parameters s and i varied over the

pandemic. To provide an interpretable quantification of these parameters, we used the age-

specific values estimated in the model to calculate ratios of susceptibility and infectiousness of

younger adults, and older adults relative to that of children. Due to the different age-stratifica-

tion in the data available, the broader age-bands here varied between case forecast models and

infection forecast models: Children were defined as up to 15 for infections and up to 19 for

cases, younger adults were defined as 16–49 for infections and 20–49 for cases and older adults

were defined as over 50 in both instances.

Results

Forecasts

We made forecasts with a horizon of one, two, three and four weeks at fortnightly intervals

(Figs 2 and B—G in S1 Text) between 30th October 2020 and 26th November 2021 (29 forecast

dates). Visually the forecasts deviate more from the true data at longer forecast horizons.

Model evaluation

To assess the relative performance of each of the models for different forecast horizons, we cal-

culated evaluation metrics separately for each forecast horizon across all forecast dates (Fig 3 A

and Table A in S1 Text). For an alternative approach using multivariate evaluation across age

groups and time horizons, see Held et al. (2017) [25].

When forecasting case reports from the UK Covid-19 dashboard [29], the non-interaction

model performed better than any of the models which allowed interaction. The next best

model was the model with no contact data which performed similarly to the no-interaction

model, particularly at longer time horizons with rCRPS of 1.02, 0.99, 1.01 and 1.01 (relative to

the no-interaction model) respectively at horizons of one to four weeks in ascending order.

The two models that incorporated contact data both performed poorly when considering the

CRPS relative to the no-interaction model, with the POLYMOD model performing the worst.

However, the relative performance of both models improved at longer time horizons, with the

CoMix model performing similarly to the other NGM models at four week horizons (rCRPS

of 1.53 and 3.78 at one week horizon reducing to 1.01 and 1.53 at four week horizon for the

CoMix and POLYMOD data models respectively). Both CoMix and POLYMOD forecasts had

a substantial positive bias, showing that, on average, they over-predicted cases with bias

between 0.15 and 0.25. The other models tended to under predict cases by a smaller margin

(between 0 and 0.18). The exponential baseline performed worse than the no-interaction

model at all forecast horizons (rCRPS 1.35, 1.25, 1.11 and 1.09 at one to four weeks in ascend-

ing order). The fixed value baseline initially performed second to worst for one week forecasts

(rCRPS = 1.76) but improved as the horizon increased, eventually becoming the best perform-

ing forecast at four week horizons (rCRPS = 0.74).
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When forecasting infection incidence estimated from UK prevalence survey data [27], the

no-interaction model performed second only to the no-contact-data model (rCRPS = 0.89) for

horizons of one week, followed closely by the CoMix-data model (rCRPS = 1.05). The POLY-

MOD-data model performed worst when forecasting one week horizons with a rCRPS of 1.21.

Fig 2. A) and B) Infections and cases, respectively, forecast using the CoMix-data based next generation model, the

no-contact-data, no-interaction and POLYMOD-data data based model, for each age group (top to bottom) and

forecast horizon (left to right). projected infections from each model (coloured bars) and black points show infection

estimates and reported cases in plots A and B respectively. The estimates being forecast on each axis are shown as solid

points; those not being forecast are shown as rings. C) and D) show the continuous ranked probability score relative to

the score of the “no interaction” model for each forecast date, calculated from the Infection and Case forecasts

respectively.

https://doi.org/10.1371/journal.pcbi.1011453.g002
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However, at two week horizons the no-interaction model became the worst performing model

overall—which remained true for three and four week forecast horizons. In these cases the

CoMix-model performed best of all the models including the baseline models with rCRPS of

0.68, 0.64 and 0.57 (relative to the no-interaction model) for two, three and four week horizons

respectively. The second best performing NGM model at two and three week horizons was the

Fig 3. Continuous ranked probability score relative to the score of the no-interaction model. A and B show overall rCRPS (A) and Bias (B) of each model

when applied to case (left) and infection (right) data for each forecast horizon. B. and C. show the CRPS relative to the no-interaction model against forecast

horizon disaggregated by age for infection and case data respectively. The colour of the points shows the corresponding model.

https://doi.org/10.1371/journal.pcbi.1011453.g003
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no-contact-data model, rCRPS of 0.82, 0.85 respectively. At four week horizons the POLY-

MOD-data model was second best performing NGM model with a rCRPS of 0.76. The base-

lines both did worse than all but the POLYMOD-data model when forecasting at a one week

horizon, however the performance of the fixed value baseline improved relative to all of the

NGM models at longer forecast horizons and produced the second best performing forecasts

overall for forecast horizons of three and four weeks (after the CoMix-data model) with rCRPS

of 0.79 and 0.68 respectively.

We compared the relative forecast performance scoring predictions in each age group sepa-

rately (Figs 3, B, and C in S1 Text and Table B in S1 Text). When forecasting infection inci-

dence, we found that the CoMix model and no-contact-data model forecast infections better

than the no-interaction model in middle-aged adults and older adults (35+ years old) for all

forecast horizons. The models also performed best at forecast horizons of two weeks or more

in young children (2–10 years old) and older adults. In contrast, the no-interaction model per-

formed much more similarly to the interaction models for forecasts within younger adults

(16–34 years old). The same was also true for older age groups (60+) in the case forecasts but

not for children, middle aged adults or children. For infections, the performance of all the

models improved in all age categories relative to the exponential extrapolation baseline as fore-

cast horizon increased, the fixed value baseline improved relative to the no-interaction model

in all age categories but provided poorer forecasts than the CoMix model in all age-categories

and time horizons. For case forecasts however the fixed value baseline improved relative to all

of the models as horizon increased, providing the best forecasts at four week horizons in age

groups between 0 and 59 years.

We divided the analysis into seven periods (Fig 4 and Table C in S1 Text), within each of

which national restrictions on social activity remained broadly consistent. For consistency we

used the same periods as those presented in Gimma et. al. [19], which presents the key findings

of the CoMix study. The relative improvement in performance for the CoMix-data model was

most consistent when forecasting infections during the Christmas and Lockdown 3 period,

which was the only period where the CoMix-data model performed the best overall at all fore-

cast horizons. When forecasting cases, the CoMix-data model also performed relatively well

during this period at forecast horizons of two or more weeks, but performed comparably to

the no-interaction model at one week forecast horizon. The Comix model’s infection forecasts

outperformed all other NGM models in the two periods following this (Lockdown 3 easing and

Opening up) for forecast horizons of two weeks or more, where only the fixed value baseline

model improved on its score. Similarly for the Lockdown 2 easing period, the CoMix-data

model performed better than the no-interaction model at all forecast horizons, but the no-con-

tact-data model performed better for one and two week forecast horizons. The improved per-

formance of the CoMix model was not wholly reflected in the case forecasts. In particular, the

CoMix model performed more poorly than the no-interaction model at all time horizons dur-

ing the Lockdown 3 easing period. However the CoMix model performed better during the

Lockdown 2 period, than the other NGM models for case forecasts, whereas for infection

forecasts the CoMix model performed comparably to the no-interaction model during this

period.

Forecast calibration

Of the four NGM models, the CoMix data-based model was best calibrated for case forecasts

at one and two week horizons and at all horizons for infection forecasts. This is evidenced by

closer agreement between the proportion of true values in each central range of the predictive

distribution (50% and 90%) with the value of the range (Fig 5A and 5B). Calibration typically
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became poorer at longer forecast horizons, with more true values falling outside the specified

ranges than would be expected. We also note that none of the forecasts were particularly well

calibrated when considered overall forecast dates. The best performing forecast, infection fore-

casts made by the CoMix model at a one week horizon, saw fewer than 75% of true values fall

within the 90% confidence range of the associated projections and fewer than 40% within the

75% confidence range. Separating the forecasts by period of the pandemic (Figs H and I in

S1 Text) revealed that the CoMix model was best calibrated for ‘Christmas and Lockdown 3’

and ‘Lockdown 3’ periods, for both the case and infection forecasts. In particular the CoMix

model’s forecast of infections was very well calibrated during the ‘Christmas and Lockdown 3’

period, with more than 80% of true values falling within the 90% confidence range of the fore-

cast at all horizons. The other models were also relatively well calibrated during these periods.

Overall the other periods were much more poorly calibrated. In particular, the “Lockdown 2”

and “Lockdown 2 easing” periods were very poorly calibrated across all models with no true

values falling within the 90% confidence range for the no-contact-data and no-interaction

model forecasts during the ‘Lockdown 2’ period. The baseline models are not presented as

they do not include confidence ranges—hence the forecast coverage is zero for all forecasts by

definition.

Fig 4. Continuous ranked probability score relative to the score of the no-interaction model against increasing forecast horizon (one to four weeks).

Panels left to right show each pandemic period, Panels top to bottom show forecasts of cases and infections.

https://doi.org/10.1371/journal.pcbi.1011453.g004
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Age-specific susceptibility and infectiousness

We extracted posterior estimates of time-varying age-specific infectiousness (i) and suscepti-

bility (s) to assess the biological plausibility of these parameters (Fig 6). For the CoMix model

the susceptibility of younger adults (16–49 years old for infections and 20–49 for cases) and

older adults (50+ years old) was higher relative to children (under 16 for infections and under

20 for cases). In the early part of 2021, this began to shift such that first susceptibility reduced

relative to children in the older adults and then in younger adults. Ultimately by the end of the

period evaluated, children had higher susceptibility relative to all adults. A similar pattern was

present in all models that allowed interaction between age groups. Infectiousness broadly

remained equal between age groups, with the exception of a small number of outlying values

within which there is no clear trend.

Discussion

Evaluating the forecast performance of four next generation matrix models, we found that

allowing interaction between age groups and using regularly collected contact data did not

Fig 5. Calibration of the forecasts made by each of the next-generation-matrix-based models. A) The proportion of observed mean incidence of infection

estimates (obtained using inc2prev) and B) the proportion of observed case numbers that fall within the 50% and 90% central interval of the relevant forecasts

of the four models. C) and D) the percentage of observed mean incidence of infection estimates (obtained using inc2prev) falling below each quantile of the

forecasts at one and four week horizons respectively. E) and F) the percentage of observed case counts falling below each quantile of the forecasts at one and

four week horizons respectively.

https://doi.org/10.1371/journal.pcbi.1011453.g005
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consistently improve performance when forecasting cases as reported through the UK

COVID-19 dashboard. However, when forecasting infection incidence estimated from preva-

lence survey data, forecast performance was improved overall by allowing interaction between

age groups at all time horizons. We found that informing interaction by regularly collected

contact data improved forecasts further at time horizons of two weeks and greater. Although

we found that the improvement was not consistent across all periods or when considering the

resulting forecasts for each age group separately.

The NGM models with interaction showed the most benefit over the no-interaction model

when forecasting infections during the Christmas and Lockdown 3 period. Here the CoMix-

data model outperformed all other models. During this period the CoMix-data model also

proved to be the best calibrated of any model during any period. It’s notable that the forecasts

were made at a time where the most intense restrictions were imposed for an extended period

of time following a very sharp rise in cases. The sharp rise in cases combined with growing

Fig 6. Susceptibility (A) and Infectiousness (B) and of younger adults (16–50 for infections and 20–50 for cases) and that of elderly adults (50+) each relative

to children (under 16 for infections and under 20 for cases) by forecast date (hue). Each model is shown in panels left to right.

https://doi.org/10.1371/journal.pcbi.1011453.g006
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hospitalisations and deaths may have resulted in a period of consistent behaviour amongst the

population, since although restrictions changed on January 5th [41] the contact behaviour

recorded by CoMix remained similar between Christmas and Lockdown 3 [19]. This consis-

tency of behaviour, well described by CoMix data, over an extended period of time may ulti-

mately support the performance of this model over the others. Christmas and Lockdown 3 is

also the only period of sustained decline in infections, this may indicate that the CoMix model

performs best during the declining phase of an epidemic. However, this isn’t supported by the

forecast performance in the lockdown 3 easing period, where the performance of the CoMix

informed model was best when infections began to increase again.

Generally, the NGM models that allowed interaction between age groups performed better

than the model with no interaction for infection forecasts. This was particularly true when

considering performance in older and younger age groups. This effect may relate to the age-

specific incidence and transmission rates. Whereas infections in the younger adults groups

were largely driven by transmission within the age group, for long periods of the pandemic

infections in elderly and children are likely to have been driven primarily by transmission

from the younger adults age groups, particularly when schools were closed, which was the case

for a large proportion of the studied period [7,42]—making incidence projections in these

groups more reliant on between-age group interaction.

Overall, all forecasts performed better than the exponential extrapolation baseline when

forecasting infections. The relative performance of this baseline compared to all other models

generally worsened over time suggesting that the simplistic exponential growth model tends to

overestimate any change in infections over time, which is compounded at longer horizons.

Although the relative performance of the simple exponential extrapolation was better for case

forecasts than infection forecasts at short time horizons, similarly to the infection forecasts, all

models improved relative to this baseline as the forecast horizon increased, mostly surpassing

it to provide better predictions at a longer horizon, showing that this simple assumption of

transmission dynamics breaks down rapidly.

In contrast, in both case and infection forecasts, the relative performance of the fixed value

baseline improved with increased forecast horizon as all of the modelled values deviated from

the true values over time in the case of all models. This may represent the rapidly changing

behaviour of the public under constantly changing interventions. This however, also com-

pounds existing evidence that effective forecasts of infectious disease incidence can rarely be

made at horizons of greater than a few weeks [6].

The distributions of relative infectiousness and susceptibility inferred by the models are

consistent with others findings, beginning with adults exhibiting higher susceptibility than

children in general [7,8,16]. This changes throughout the pandemic, following a sequence con-

sistent with what may be expected as a result of acquisition of immunity through vaccination

and natural infection. The largest changes occur after vaccination is introduced, where the sus-

ceptibility of the older adults reduces relative to other ages first, followed by susceptibility of

younger adults. This is consistent with the vaccine roll out schedule in England during the

early part of 2021 [43]. The general trajectory of age-specific susceptibility also agrees well with

findings of Franco et. al. [43,44] which used the Belgian arm of the CoMix study to estimate

age-specific infectiousness and susceptibility independently to this study.

Our estimates of age-specific infectiousness and susceptibility need to be interpreted with

caution for three main reasons. Firstly, the framework is optimised for prediction as opposed

to inference and therefore is not set up to best reflect the biological processes at play but rather

to make good predictions. Secondly, there is likely to be some bias in the way contact data is

collected by age which may impact these estimates [19]. Importantly, contacts of children are

reported by their parents or guardians. In addition, children’s contacts are disproportionately
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reported as groups—markedly different from adult contacts, which were reported by the par-

ticipant themselves and were mostly reported as individual contacts. Finally, we also make no

differentiation between contacts by location, duration or intimacy. In reality contacts made in

different contexts (e.g. home and school) are likely to carry different potential of transmission,

which may also affect the way our susceptibility and infectiousness estimates can be inter-

preted. One potential extension would be to include contacts by setting (Work, School, Home

and Other), which would allow contacts in different contexts to be weighted differently.

There may also be other factors associated with inferred changes in susceptibility and infec-

tiousness which do not correspond to inherent transmissibility. For example, the degree of

mitigating behaviours unrelated to contact rate (e.g., masks, preferring outdoor meetings,

physical distancing) may have changed differently over the epidemic for each age group. A

reduction in relative susceptibility in older adults may indicate that these age groups were able

to reduce the risk of infection even when making contact with others further into the pan-

demic than younger age groups. Also, we assumed immunity is determined by seropositivity

as reported in the publicly available CIS data [27], from which we only used a single antibody

level threshold for positivity. It may be the case that there is substantial variation in the anti-

body level distribution in sero-positive individuals of different age groups based on the distri-

bution of vaccine history and infection acquired antibodies, which may affect age-stratified

susceptibility to infection. Finally, there may be variation in the age-profile of susceptibility by

variant, however due to the limitations discussed, we are unable to quantify this here.

Whereas the relative performance of the models was fairly consistent for infections, the per-

formance when applied to case data was generally more erratic with the ranking for models

and baselines changing between horizons within the same aggregation of forecast dates and

age groups. This may reflect the more variable nature of case reporting, which is affected by

multiple external factors affecting the week-by-week variation in cases beyond transmission

dynamics. Notably, case reports are subject to variation in reporting rate, which may also differ

between age groups. This is exacerbated by changes in the UK Government’s testing policy

over the course of the pandemic. This was not the case with the infection time-series, which

was estimated from weekly prevalence estimates. Moreover, the infection forecasts incorpo-

rated estimates of antibody prevalence modelled from weekly serosurveys [27] and vaccination

data [29], whereas the case forecasts did not.

Our work provides an indication of the potential benefits of including contact data in epi-

demiological forecasts, but for transparency, in our analysis we have chosen not to use state of

the art methods of surveillance, instead there are a number of simplifications we made when

selecting and processing the epidemiological data to provide clearer analysis of this effect.

These simplifications would be expected to affect the performance of forecasts when imple-

mented in real time. Firstly, in our analysis we forecast infections using a modelled time-series

fit to weekly prevalence estimates [26]. In truth, under the current data sharing protocol of the

ONS Covid-19 infection survey, this data would not be publicly available on the forecast date

and hence is not, in this form, applicable as a real-time application without fully integrating

into the ONS infection survey workflow. We chose to do this to provide the most idealised sce-

nario to test the application of contact data to short term forecasts, without the complexities

associated with case data. Furthermore, although these estimates agree well with other esti-

mates and case time-series, the methodology promotes a smooth infection history leading to

autocorrelation in the time-series. This may unduly benefit models with high autocorrelation

properties, e.g., the fixed value baseline. However, the similar relative performance of this

model when evaluating case data supports our observations that this model performs best at

longer time horizons. Secondly, an important feature of real-time epidemiological data is that

there are several complex delay distributions which may affect the recent time series of cases
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[45]. This is especially true when using data by the date at which individuals are swabbed as we

do here, where full information of cases at specimen date are not available until all tests from

that date have been processed. For this reason, case counts are increasingly truncated in the

days leading up to the forecast date. Approaches to account for this exist [28], but here we have

used the case data as known now as opposed to as known on each forecast date, as such we did

not need to make this adjustment—as we would if we were making the forecasts in real-time.

Extending existing approaches for real-time modelling that can deal with truncated data to

include interactions between multiple time series will be an important area of future research

[46,47]. In addition, there are many alternative model specifications that could have been incor-

porated into our analysis. In the interest of clarity, we chose to include only NGM based models,

emphasising our evaluation of the use of contact data and not model specification.

The models we present used a normal likelihood, unconventional for epidemiological fore-

casts which tend to operate on count data. In our case, we use estimates of infection incidence,

our input data is therefore not an integer time series, but a distribution at each time-point. To

keep the estimates consistent between the case and infection time series’ we maintained this

approach for forecasting cases as well. Lastly, the absolute measure provided by CRPS means

that the overall score is weighted towards age groups and time periods where the absolute inci-

dence was high, this may negatively impact the overall score of models which did poorly in the

“young adults” age range (16–35) where incidence was highest for much of the study period.

Overall, allowing interaction between age groups and integrating regularly collected contact

data improved forecasts when forecasting infections based on estimates from national preva-

lence surveys. This benefit was, however, not clear when applied to regularly collected case

data, which is generally much more readily available for real-time applications. The picture

this offers of the usefulness of contacts in forecasts is nuanced. Even for the idealised example

of incident infections estimated retrospectively from repeated cross-sectional prevalence sur-

veys, there are periods of improved performance, and times where the contact-based models

failed to capture the dynamics of the epidemic sufficiently to improve on the other models’

predictions. The period where the contact data performed the best was during a period where

contacts remained relatively consistent. This raises the question as to whether real-time con-

tact data is capable of capturing relevant changes in transmission related behaviour when

implementation of non-pharmaceutical interventions are regularly changed. As applications

using contact data in real-time develop, it is important to evaluate whether the periods where

contact data are informative are aligned with periods when they are also useful for infection

control, and consider how future studies might be optimised to ensure this target can be

achieved. In summary, our analysis broadly supports the collection of both infection preva-

lence study data and contact data and their use in short-term epidemic forecasts, but also high-

lights the limitations of this data. We acknowledge that these studies are resource intensive

and we therefore advocate for further in-depth evaluation of contact survey design to ensure

they capture changes in behaviour that closely reflects changes in transmission.

Supporting information

S1 Text. Supplementary information for evaluating the use of social contact data to pro-

duce age-specific forecasts of SARS-CoV-2 incidence.

(DOCX)

S1 Data. Excel spreadsheet containing, in separate sheets, the underlying numerical data

and statistical analysis for the figures in the main manuscript.

(XLSX)

PLOS COMPUTATIONAL BIOLOGY Using social contact data in SARS-CoV-2 forecasts

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011453 September 12, 2023 19 / 22

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011453.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011453.s002
https://doi.org/10.1371/journal.pcbi.1011453


Acknowledgments

The authors would like to acknowledge the contributions of colleagues from the COVID-19

infection Survey Analysis team at the Office for National Statistics (ONS) for their project sup-

port and thoughtful discussion during the planning and analysis phase of this research. Also,

the members of the CoMix consortium for their support with the contact data, especially Chris

Jarvis, Pietro Colletti, Niel Hens and John Edmunds for their feedback on the manuscript.

Thirdly, Lloyd Chapman for insightful discussion during the analysis phase of the work.

Finally, other members of the Epiforecasts group at LSHTM for helpful comments and feed-

back on our modelling framework, especially Nikos Bosse for support with the scoringutils
package.

Author Contributions

Conceptualization: James D. Munday, Sebastian Funk.

Data curation: James D. Munday, Sebastian Funk.

Formal analysis: James D. Munday.

Funding acquisition: James D. Munday, Sebastian Funk.

Investigation: James D. Munday.

Methodology: James D. Munday, Sebastian Funk.

Project administration: James D. Munday.

Software: James D. Munday.

Supervision: Sebastian Funk.

Validation: James D. Munday.

Visualization: James D. Munday.

Writing – original draft: James D. Munday.

Writing – review & editing: James D. Munday, Sam Abbott, Sophie Meakin, Sebastian Funk.

References
1. Thacker SB, Choi K, Brachman PS. The surveillance of infectious diseases. JAMA. 1983; 249: 1181–

1185. PMID: 6823080

2. Fraser C. Estimating individual and household reproduction numbers in an emerging epidemic. PLoS

One. 2007; 2: e758. https://doi.org/10.1371/journal.pone.0000758 PMID: 17712406

3. Cori A, Ferguson NM, Fraser C, Cauchemez S. A new framework and software to estimate time-varying

reproduction numbers during epidemics. Am J Epidemiol. 2013; 178: 1505–1512. https://doi.org/10.

1093/aje/kwt133 PMID: 24043437

4. Funk S, Camacho A, Kucharski AJ, Eggo RM, Edmunds WJ. Real-time forecasting of infectious disease

dynamics with a stochastic semi-mechanistic model. Epidemics. 2018; 22: 56–61. https://doi.org/10.

1016/j.epidem.2016.11.003 PMID: 28038870

5. Sherratt K, Gruson H, Grah R, Johnson H, Niehus R, Prasse B, et al. Predictive performance of multi-

model ensemble forecasts of COVID-19 across European nations. medRxiv. 2022. https://doi.org/10.

1101/2022.06.16.22276024

6. Cramer EY, Ray EL, Lopez VK, Bracher J, Brennen A, Castro Rivadeneira AJ, et al. Evaluation of indi-

vidual and ensemble probabilistic forecasts of COVID-19 mortality in the United States. Proc Natl Acad

Sci U S A. 2022; 119: e2113561119. https://doi.org/10.1073/pnas.2113561119 PMID: 35394862

7. Davies NG, Klepac P, Liu Y, Prem K, Jit M, CMMID COVID-19 working group, et al. Age-dependent

effects in the transmission and control of COVID-19 epidemics. Nat Med. 2020; 26: 1205–1211. https://

doi.org/10.1038/s41591-020-0962-9 PMID: 32546824

PLOS COMPUTATIONAL BIOLOGY Using social contact data in SARS-CoV-2 forecasts

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011453 September 12, 2023 20 / 22

http://www.ncbi.nlm.nih.gov/pubmed/6823080
https://doi.org/10.1371/journal.pone.0000758
http://www.ncbi.nlm.nih.gov/pubmed/17712406
https://doi.org/10.1093/aje/kwt133
https://doi.org/10.1093/aje/kwt133
http://www.ncbi.nlm.nih.gov/pubmed/24043437
https://doi.org/10.1016/j.epidem.2016.11.003
https://doi.org/10.1016/j.epidem.2016.11.003
http://www.ncbi.nlm.nih.gov/pubmed/28038870
https://doi.org/10.1101/2022.06.16.22276024
https://doi.org/10.1101/2022.06.16.22276024
https://doi.org/10.1073/pnas.2113561119
http://www.ncbi.nlm.nih.gov/pubmed/35394862
https://doi.org/10.1038/s41591-020-0962-9
https://doi.org/10.1038/s41591-020-0962-9
http://www.ncbi.nlm.nih.gov/pubmed/32546824
https://doi.org/10.1371/journal.pcbi.1011453


8. Viner RM, Mytton OT, Bonell C, Melendez-Torres GJ, Ward J, Hudson L, et al. Susceptibility to SARS-

CoV-2 Infection Among Children and Adolescents Compared With Adults: A Systematic Review and

Meta-analysis. JAMA Pediatr. 2021; 175: 143–156. https://doi.org/10.1001/jamapediatrics.2020.4573

PMID: 32975552

9. COVID-19 Forecasting Team. Variation in the COVID-19 infection-fatality ratio by age, time, and geog-

raphy during the pre-vaccine era: a systematic analysis. Lancet. 2022; 399: 1469–1488. https://doi.org/

10.1016/S0140-6736(21)02867-1 PMID: 35219376

10. Levin AT, Hanage WP, Owusu-Boaitey N, Cochran KB, Walsh SP, Meyerowitz-Katz G. Assessing the

age specificity of infection fatality rates for COVID-19: systematic review, meta-analysis, and public pol-

icy implications. Eur J Epidemiol. 2020; 35: 1123–1138. https://doi.org/10.1007/s10654-020-00698-1

PMID: 33289900

11. Pijls BG, Jolani S, Atherley A, Derckx RT, Dijkstra JIR, Franssen GHL, et al. Demographic risk factors

for COVID-19 infection, severity, ICU admission and death: a meta-analysis of 59 studies. BMJ Open.

2021; 11: e044640. https://doi.org/10.1136/bmjopen-2020-044640 PMID: 33431495

12. Anderson RM, May RM. Age-related changes in the rate of disease transmission: implications for the

design of vaccination programmes. J Hyg. 1985; 94: 365–436. https://doi.org/10.1017/

s002217240006160x PMID: 4008922

13. Wallinga J, Teunis P, Kretzschmar M. Using data on social contacts to estimate age-specific transmis-

sion parameters for respiratory-spread infectious agents. Am J Epidemiol. 2006; 164: 936–944. https://

doi.org/10.1093/aje/kwj317 PMID: 16968863

14. Worby CJ, Chaves SS, Wallinga J, Lipsitch M, Finelli L, Goldstein E. On the relative role of different age

groups in influenza epidemics. Epidemics. 2015; 13: 10–16. https://doi.org/10.1016/j.epidem.2015.04.

003 PMID: 26097505

15. Hoang T, Coletti P, Melegaro A, Wallinga J, Grijalva CG, Edmunds JW, et al. A Systematic Review of

Social Contact Surveys to Inform Transmission Models of Close-contact Infections. Epidemiology.

2019; 30: 723–736. https://doi.org/10.1097/EDE.0000000000001047 PMID: 31274572

16. House T, Riley H, Pellis L, Pouwels KB, Bacon S, Eidukas A, et al. Inferring Risks of Coronavirus Trans-

mission from Community Household Data. arXiv e-prints. 2021; arXiv:2104.04605.

17. Edmunds WJ O’Callaghan CJ, Nokes DJ. Who mixes with whom? A method to determine the contact

patterns of adults that may lead to the spread of airborne infections. Proc Biol Sci. 1997; 264: 949–957.

18. Mossong J, Hens N, Jit M, Beutels P, Auranen K, Mikolajczyk R, et al. Social contacts and mixing pat-

terns relevant to the spread of infectious diseases. PLoS Med. 2008; 5: e74. https://doi.org/10.1371/

journal.pmed.0050074 PMID: 18366252

19. Gimma A, Munday JD, Wong KLM, Coletti P, van Zandvoort K, Prem K, et al. CoMix: Changes in social

contacts as measured by the contact survey during the COVID-19 pandemic in England between

March 2020 and March 2021. bioRxiv. medRxiv; 2021. https://doi.org/10.1101/2021.05.28.21257973

20. Munday JD, Jarvis CI, Gimma A, Wong KLM, van Zandvoort K, CMMID COVID-19 Working Group,

et al. Estimating the impact of reopening schools on the reproduction number of SARS-CoV-2 in

England, using weekly contact survey data. BMC Med. 2021; 19: 233. https://doi.org/10.1186/s12916-

021-02107-0 PMID: 34503493

21. Jarvis CI, Gimma A, van Zandvoort K, Wong KLM, CMMID COVID-19 working group, Edmunds WJ.

The impact of local and national restrictions in response to COVID-19 on social contacts in England: a

longitudinal natural experiment. BMC Med. 2021; 19: 52.

22. Verelst F, Hermans L, Vercruysse S, Gimma A, Coletti P, Backer JA, et al. SOCRATES-CoMix: a plat-

form for timely and open-source contact mixing data during and in between COVID-19 surges and inter-

ventions in over 20 European countries. BMC Med. 2021; 19. https://doi.org/10.1186/s12916-021-

02133-y PMID: 34583683

23. Funk S, Camacho A, Kucharski AJ, Lowe R, Eggo RM, Edmunds WJ. Assessing the performance of

real-time epidemic forecasts: A case study of Ebola in the Western Area region of Sierra Leone, 2014–

15. PLoS Comput Biol. 2019; 15: e1006785. https://doi.org/10.1371/journal.pcbi.1006785 PMID:

30742608

24. Gneiting T, Raftery AE. Strictly Proper Scoring Rules, Prediction, and Estimation. J Am Stat Assoc.

2007; 102: 359–378.

25. Held L, Meyer S, Bracher J. Probabilistic forecasting in infectious disease epidemiology: the 13th Armi-

tage lecture. Stat Med. 2017; 36: 3443–3460. https://doi.org/10.1002/sim.7363 PMID: 28656694

26. Abbott S, Funk S. Estimating epidemiological quantities from repeated cross-sectional prevalence mea-

surements. bioRxiv. 2022. https://doi.org/10.1101/2022.03.29.22273101

PLOS COMPUTATIONAL BIOLOGY Using social contact data in SARS-CoV-2 forecasts

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011453 September 12, 2023 21 / 22

https://doi.org/10.1001/jamapediatrics.2020.4573
http://www.ncbi.nlm.nih.gov/pubmed/32975552
https://doi.org/10.1016/S0140-6736%2821%2902867-1
https://doi.org/10.1016/S0140-6736%2821%2902867-1
http://www.ncbi.nlm.nih.gov/pubmed/35219376
https://doi.org/10.1007/s10654-020-00698-1
http://www.ncbi.nlm.nih.gov/pubmed/33289900
https://doi.org/10.1136/bmjopen-2020-044640
http://www.ncbi.nlm.nih.gov/pubmed/33431495
https://doi.org/10.1017/s002217240006160x
https://doi.org/10.1017/s002217240006160x
http://www.ncbi.nlm.nih.gov/pubmed/4008922
https://doi.org/10.1093/aje/kwj317
https://doi.org/10.1093/aje/kwj317
http://www.ncbi.nlm.nih.gov/pubmed/16968863
https://doi.org/10.1016/j.epidem.2015.04.003
https://doi.org/10.1016/j.epidem.2015.04.003
http://www.ncbi.nlm.nih.gov/pubmed/26097505
https://doi.org/10.1097/EDE.0000000000001047
http://www.ncbi.nlm.nih.gov/pubmed/31274572
https://doi.org/10.1371/journal.pmed.0050074
https://doi.org/10.1371/journal.pmed.0050074
http://www.ncbi.nlm.nih.gov/pubmed/18366252
https://doi.org/10.1101/2021.05.28.21257973
https://doi.org/10.1186/s12916-021-02107-0
https://doi.org/10.1186/s12916-021-02107-0
http://www.ncbi.nlm.nih.gov/pubmed/34503493
https://doi.org/10.1186/s12916-021-02133-y
https://doi.org/10.1186/s12916-021-02133-y
http://www.ncbi.nlm.nih.gov/pubmed/34583683
https://doi.org/10.1371/journal.pcbi.1006785
http://www.ncbi.nlm.nih.gov/pubmed/30742608
https://doi.org/10.1002/sim.7363
http://www.ncbi.nlm.nih.gov/pubmed/28656694
https://doi.org/10.1101/2022.03.29.22273101
https://doi.org/10.1371/journal.pcbi.1011453


27. Coronavirus (COVID-19) Infection Survey, UK Statistical bulletins. [cited 29 Mar 2022]. Available:

https://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/conditionsanddiseases/

bulletins/coronaviruscovid19infectionsurveypilot/previousReleases

28. Bastos LS, Economou T, Gomes MFC, Villela DAM, Coelho FC, Cruz OG, et al. A modelling approach

for correcting reporting delays in disease surveillance data. Stat Med. 2019; 38: 4363–4377. https://doi.

org/10.1002/sim.8303 PMID: 31292995

29. HM Government UK. Official Coronavirus (COVID-19) disease situation dashboard. [cited 25 May

2022]. Available: https://coronavirus.data.gov.uk/

30. inc2prev: Estimate incidence from ONS prevalence estimates. Github; Available: https://github.com/

epiforecasts/inc2prev

31. The CoMix study. In: uHasselt [Internet]. [cited 29 Mar 2022]. Available: https://www.uhasselt.be/en/

aparte-sites-partner-en/epipose/the-comix-study

32. Stan Team. Stan Modeling Language User’s Guide and Reference Manual. 2012.

33. Madewell ZJ, Yang Y, Longini IM Jr, Halloran ME, Dean NE. Household Secondary Attack Rates of

SARS-CoV-2 by Variant and Vaccination Status: An Updated Systematic Review and Meta-analysis.

JAMA Netw Open. 2022; 5: e229317. https://doi.org/10.1001/jamanetworkopen.2022.9317 PMID:

35482308

34. Ganyani T, Kremer C, Chen D, Torneri A, Faes C, Wallinga J, et al. Estimating the generation interval

for coronavirus disease (COVID-19) based on symptom onset data, March 2020. Euro Surveill.

2020;25. https://doi.org/10.2807/1560-7917.ES.2020.25.17.2000257 PMID: 32372755

35. Hart WS, Miller E, Andrews NJ, Waight P, Maini PK, Funk S, et al. Generation time of the alpha and

delta SARS-CoV-2 variants: an epidemiological analysis. Lancet Infect Dis. 2022; 22: 603–610. https://

doi.org/10.1016/S1473-3099(22)00001-9 PMID: 35176230

36. Alene M, Yismaw L, Assemie MA, Ketema DB, Gietaneh W, Birhan TY. Serial interval and incubation

period of COVID-19: a systematic review and meta-analysis. BMC Infect Dis. 2021; 21: 257. https://doi.

org/10.1186/s12879-021-05950-x PMID: 33706702

37. Abbott S, Sherratt K, Gerstung M, Funk S. Estimation of the test to test distribution as a proxy for gener-

ation interval distribution for the Omicron variant in England. bioRxiv. 2022. https://doi.org/10.1101/

2022.01.08.22268920
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