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A B S T R A C T

Accurate measurement of exposure to SARS-CoV-2 in the population is crucial for understanding the dynamics of 
disease transmission and evaluating the impacts of interventions. However, it was particularly challenging to 
achieve this in the early phase of a pandemic because of the sparsity of epidemiological data. We previously 
developed an early pandemic diagnostic tool that linked minimum datasets: seroprevalence, mortality and 
infection testing data to estimate the true exposure in different regions of England and found levels of SARS-CoV- 
2 population exposure to be considerably higher than suggested by seroprevalence surveys. Here, we re-examine 
and evaluate the model in the context of reconstructing the first COVID-19 epidemic wave in England from three 
perspectives: validation against the Office for National Statistics (ONS) Coronavirus Infection Survey, relation
ship among model performance and data abundance and time-varying case detection ratios. We find that our 
model can recover the first, unobserved, epidemic wave of COVID-19 in England from March 2020 to June 2020 
if two or three serological measurements are given as additional model inputs, while the second wave during 
winter of 2020 is validated by estimates from the ONS Coronavirus Infection Survey. Moreover, the model es
timates that by the end of October in 2020 the UK government’s official COVID-9 online dashboard reported 
COVID-19 cases only accounted for 9.1 % of cumulative exposure, dramatically varying across the two epidemic 
waves in England in 2020, 4.3 % vs 43.7 %.

1. Introduction

The COVID-19 pandemic inflicted devastating effects on global 
populations and economies (Aburto et al., 2022; Ozili and Arun, 2023) 
and is now still affecting countries in many different ways. Reviewing 
the challenges posed by the COVID-19 pandemic and evaluating previ
ous responses is vitally important for future pandemic preparedness 
(Metcalf et al., 2020; Aguas et al., 2020; Pagel and Yates, 2022; Bollyky 
et al., 2022). Accurate estimation of exposure remains crucial for un
derstanding the dynamics of disease transmission and assessing the 
impacts of interventions at the different stages of pandemic. However, 
this is particularly challenging in early phases since most of the char
acteristics of the pathogen are unknown and at the same time epide
miological data are sparse.

Confirmed COVID-19 cases were typically the first type of data to be 
collected and reported, mostly due to the syndrome surveillance systems 

(Kennedy et al., 2022; Desjardins, 2020). However, these data tend to 
underestimate the true exposure in the population because of limited 
diagnostic capacity of, uncertainties about definition of cases, testing 
criteria, etc. Large-scale viral infection surveys in the community can 
help to solve the testing issue. For example, the UK Office for National 
Statistics (ONS) conducted a nation-wide COVID-19 viral testing survey, 
the Covid Infection Survey (CIS) (Pouwels et al., 2021) that successfully 
tracked the trajectories of COVID-19 infections in the community of UK 
starting in April of 2020. Because of its representative sampling across 
households in the general population this study is recognized to have the 
capacity to capture asymptomatic infections such as those missed by the 
symptomatic testing scheme in the early pandemic and could provide 
reliable estimates of prevalence over time (Office of National Statisics 
Coronavirus COVID-19 Infection Survey UK, 2023). However, sample 
collection only started in April 2020 so that reporting of daily incidence 
estimates only started in May, while the first death due to COVID-19 
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disease in the UK had been documented in February 2020 (GOV.UK, 
2023). The transmission of COVID-19 in the community began months 
earlier than the survey, which could then not be able to recover the early 
epidemic curve.

Serologic studies measuring how many people have antibodies 
against the virus are a promising tool for pinning down the stage of the 
pandemic because of its ability to capture past infections regardless of 
clinical symptoms (Clapham et al., 2020). If the antibody elicited by the 
virus lasts for lifetime, representative sampling in a population followed 
by the antibody testing will provide robust estimates of exposure. 
However, cohort studies following individuals over time after they have 
had a known COVID-19 infection determined that antibodies are only 
measurable up to 6–9 months (Long et al., 2020; Ibarrondo et al., 2020; 
Wei et al., 2021), on average, varying across testing assays (Böger et al., 
2021) and antigen types (Van Elslande et al., 2021). The immediate 
implication is that serological studies will inevitably under-estimate the 
number of people exposed, since some of these will have a low antibody 
count when the study is conducted and test negative. Linking multiple 
publicly available datasets, we previously proposed a method (Chen 
et al., 2021) for estimating the true level of exposure taking into account 
antibody decay. Here we further examine and evaluate the model in the 
context of reconstructing the first COVID-19 pandemic from three per
spectives: validation against the ONS Infection Survey, relationship 
between model performance and data abundance and time-varying case 
detection ratios.

2. Result

2.1. Reconstruction of the early epidemic

In our previous paper (Chen et al., 2021), we presented a simple 
model to link together three key metrics for evaluating the progress of an 
epidemic, as applied to the context of SARS-CoV-2 in England: antibody 
seropositivity, infection incidence and number of deaths. We used these 
three metrics to estimate the antibody seroreversion rate and 
region-specific infection fatality ratios. In doing so, the cumulative 
number of infections in England were estimated, showing that 
cross-sectional seroprevalence data underestimated the true extent of 

the SARS-CoV-2 epidemic in England in the early pandemic. Estimates 
for the IgG (spike) seroreversion rate and infection fatality ratio (IFR) is 
broadly consistent with other studies, which supports the validity of 
these findings. The modeling details are attached in Appendix A.

The model was set up based on the serendipitous observation on the 
COVID-19 infection timeline that seroconversion in individuals who 
survive occurs at approximately the same time as death for those who do 
not. Therefore, a simple ordinary differential equation (ODE) was 
formulated to model the rate of change in the number of seropositive 
individuals in different regions of England as increasing as new in
fections were generated, calculated by the daily number of deaths 
divided by the infection fatality ratio and that will decrease as antibody 
decays. The model predicted seropositive population were than fitted to 
observed seroprevalence using a Bayesian observation model.

2.2. Numerical convergence and efficiency assessment

Trace plots of samples versus the simulation index can be very useful 
in assessing convergence. Figure S1 shows the trace plot of posterior 
estimates for all parameters in the time-independent IFR model. The 
center of the chain appears to be around the mean values with very small 
fluctuations for each parameter (Table S2 and Figure S1). This indicates 
that the chain is likely to have reached the right distribution and is 
exploring the distribution by traversing to areas where its density is very 
low; the mixing is thus quite good. The summary results of other nu
merical diagnostic metrics (Table S2) show that R̂ of all posterior esti
mates is 1 and there are more than 100 samples per chain for ess-bulk 
and ess-tail. We thus conclude that the Markov Chain converged well for 
all parameters.

2.3. Validation from ONS infection survey

Comparing the incidence of SARS-CoV-2 in England estimated by our 
model with those inferred by the ONS Coronavirus Infection Survey 
(Fig. 1), we found that our model could reveal the first, unobserved, 
epidemic wave of COVID-19 in England from March 2020 to June 2020, 
with the second wave validated by the estimates from the ONS Infection 
Survey. Further, we found our model results were highly consistent with 

Fig. 1. Comparison of model-predicted daily incidence of SARS-CoV-2 in England. The green lines show the predictions of median daily incidence by our model 
(Chen et al., 2021) based on Eqs. (1) and (2) in the Materials and Methods section. The orange lines show the predictions of median daily incidence from the ONS 
Coronavirus Infection Survey while the orange shaded areas correspond to the 95 % CrI.
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Fig. 2. Comparison of estimates of exposure in seven regions of England as more serological measurements are given as model inputs (left to right). The green and 
orange lines show the model predictions of median exposure and seroprevalence, respectively, while the shaded areas correspond to the 95 % CrI.
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those using SEIRS type compartmental models with time-varying force 
of infection (Knock et al., 2021; Russell et al., 2020).

2.4. Relationship between model performance and data abundance

We then examined the relationship between model performance and 
data abundance - how estimates of exposure from our model change as 
more serological data points are added into the fitting procedure one by 
one over time (Fig. 2). We found a highly robust pattern of exposure 
across different regions of England was estimated in general. Specif
ically, the model could only start estimating the quantities of interest: 
exposure and two parameters (infection fatality ratio and antibody 
decay rate) when at least two serological measurements from April to 

June 2020 in each region were given as inputs. However, these estimates 
were already highly consistent with those when more serological mea
surements were added although the credible bands were wider. The 
wide credible bands suggested a greater uncertainty around the esti
mates when little information was available. When three serological 
measurements in each of region were included the estimates of exposure 
level became largely consistent with the results when all serological 
measurements were used. This might be attributed to the timing of these 
third serological measurements since then the seroprevalence in most 
regions started decreasing. With more and more serological measure
ments being added, the credible bands of estimates of exposure gradu
ally narrowed.

Fig. 3. Comparison between estimates of daily incidence with reported cases of SARS-CoV-2 in England and case detection ratios. Here, all serological measurements 
were used in the model fitting. In the top figure, the green lines show the predictions of median daily incidence by our model based on Eqs. (1) and (2) in the 
Materials and Methods section while the shaded areas correspond to the 95 % CrI. The red lines show the reported confirmed cases in England downloaded from 
GUV.UK dashboard. In the bottom figure, the blue lines show the estimates of median case reporting rate in England based on Eqs. (3) and (4) while the shaded areas 
correspond to the 95 % CrI.

Fig. 4. Comparisons of posterior estimates generated through 1) fitting to real-world seroprevalence data colored in red and 2) fitting to simulated seroprevalence 
data for all parameters in time-independent IFR model colored in blue.
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2.5. Time-varying case detection ratios

While comparing the reported cases with the incidence estimated by 
our model (Fig. 3), we found the UK government’s official COVID-9 
online dashboard (https://coronavirus.data.gov.uk) reported COVID- 
19 cases in England only accounted for 9.1 % (95 %CrI (8.7 %,9.8 %)) 
of cumulative exposure by the end of October 2020. Further, the relative 
size of two infection waves in England in 2020 estimated by our model, 
Spring wave from February to June and Autumn wave from September 
to November, were reversed compared those reported by the confirmed 
cases. The case detection rate relative to the total exposure was also 
dramatically different in these two-epidemic waves. By separating the 
two waves before and after the first of August 2020, we found during 
January 2020 to August 2020 the case detection rate was only 4.3 % 
(95 %CrI (4.1 %, 4.6 %)) which increased to 43.7 % (95 %CrI (40.7 %, 
47.3 %)) during August 2020 to October 2020, highlighting the domi
nant effect of testing effort in shaping the case curve in the early stage of 
the pandemic. The testing issue, e.g. the limited capacity of tests and the 
symptom-based testing strategy posed a major challenge for under
standing the early pandemic. Viral surveys in the general population can 
solve the sampling issue, but still have the problem of lack of sampling 
early on. Serological data from some convenient samples, e.g., blood 
donors can help to pin down the progress of the pandemic when anti
body decay is teased out.

2.6. Numerical parameters identifiability assessment

After implementing the numerical simulation algorithm described in 
the Method, we found that all posterior estimates generated through 
fitting to simulated seroprevalence data for each parameter in the time- 
dependent IFR model have very close concentrations (median values) 
with the posterior estimates generated through fitting to real-world 
seroprevalence data (Fig. 4). In addition, the posterior estimates 
generated through fitting to simulated seroprevalence data generally 
have wider ranges, thus, wider credible intervals (Table S2).

3. Discussion

Accurate reconstruction of exposure time series is necessary to assess 
how policies influenced transmission over time, in particular when 
reporting is lagged, and multiple interventions may have been under
taken in succession. For example, (Chen et al., 2022) made use of the 
comparison of exposure between general population and pregnant 
women in New York City to conclude the effectiveness of shielding 
during pregnancy. Moreover, the prior exposure level in the population 
can be used to inform future intervention design, e.g., vaccination pri
oritization. For example, in the early stage of the COVID-19 vaccination 
campaign, when dose supply and administrative capacity were initially 
limited worldwide, a modeling study (Bubar et al., 2021) explored how 
uncertainty about previous exposure levels and about a vaccine’s 
characteristics affects the prioritization strategies for reducing deaths 
and transmission. This model showed how the use of individual-level 
serological tests to redirect doses to seronegative individuals improved 
the marginal impact of each dose while potentially reducing existing 
inequities in COVID-19 impact.

Here, we evaluated a previously published dynamic model and 
demonstrated its ability to reconstruct the first epidemic wave before 
large-scale survey sampling by providing robust estimates of exposure 
over time. One key element of the model was fitting the model to 
serologic data generated from healthy adult blood donors supplied by 
the NHS Blood and Transplant (NHS BT collection) serum samples using 
the Euroimmun anti-spike IgG assay and reported in the Weekly Na
tional Influenza and COVID-19 Surveillance Report. This suggests that 
convenient samples, for example here serum samples from blood donors 
have the promise of providing primary information about epidemic 
progress in a short time frame especially during the emergence of a new 

outbreak of a novel pathogen.
Because of its rigorous sampling design and robust estimation power 

the ONS Covid Infection Survey may be seen as the gold standard for 
estimating community prevalence. Our model does not take any results 
or estimates from the survey as inputs, so the comparison exercise that 
we conducted here between estimates of exposure from our model 
against the ONS Covid Infection Survey provides a real-world validation. 
Moreover, we showed that the modeling approach is a valuable early 
pandemic diagnostic tool and can clearly recover the first epidemic 
wave that the survey was unable to capture because of its late starting 
time. Using the inferred daily incidence, we explicitly demonstrated the 
variation of case detection ratios over two epidemic waves in England in 
2020. This provides quantitative information for studying the associa
tion between the capacity, behavior and strategy of testing during the 
evolution of the epidemic and further supports the argument that 
confirmed cases largely underestimate the extent of disease trans
mission. Inspired by this idea, we inferred the daily incidence in later 
COVID-19 waves (October 2020 to March 2022) in Lower Tier Lower 
Authorities (LTLAs) of England based on a de-biased causal inference 
framework and assessed the unequal contributions of socioeconomic 
factors to the case detection ratios along the epidemics with the privilege 
of having access to the national COVID-19 mass testing datasets. We 
found that there were no notable persistent differences in case detection 
ratios according to deprivation level and throughout much of 2021, 
Black ethnic groups had higher rates of case detection; what underpins 
this relationship is unclear, but targeted community testing could have 
played a role (Bajaj et al., 2024).

Moreover, the simple structure of the model presented avoids the 
unnecessary complexity and structure-based uncertainty of a full dy
namic model where compartmental exchanges simulating disease 
spread in different groups of the population, such as susceptible, 
exposed, infected and recovered, are developed. The exercise of study
ing the model performance against data abundance suggests the 
modeling results remain highly robust in data sparse setting that should 
be particularly relevant, for example, in Low- or Middle-Income 
Countries.

4. Materials and methods

4.1. Data sources

We used publicly available epidemiological data to conduct the 
analysis, as described below.

ONS estimated incidence
The Office for National Statistics (ONS) launched the Coronavirus 

(COVID-19) Infection Survey in England on 26 April 2020 to estimate 
how many people across England, Wales, Northern Ireland and Scotland 
would have tested positive for COVID-19 infection, regardless of 
whether they report experiencing symptoms that is one of the primary 
goals of the survey. The survey is based on a random sample of house
holds to provide a nationally representative sample. Everyone aged 2 
years and over in each household sample was asked to take a nose and 
throat swab for SARS-CoV-2 to be analysed using the reverse tran
scriptase polymerase chain reaction (RT-PCR). Every participant was 
swabbed once. They were then invited to have repeat tests every week 
for another four weeks and then monthly. More descriptions about the 
survey design can be found in (Coronavirus, 2020). Using a Bayesian 
multilevel generalized additive regression model to model the swab test 
result (positive or negative) as a function of age, sex, time, and region, 
the study estimated community prevalence of SARS-CoV-2 in England 
since April 2020 (Pouwels et al., 2021). Combining the estimates of 
community prevalence and estimates of duration of PCR testing posi
tivity, the survey modeling team also published the estimates of daily 
incidence based on a deconvolution model (Coronavirus, 2020).

To conduct the comparison of estimates of incidence between our 
model and the ONS survey, we retrieved the SARS-CoV-2 daily incidence 
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in England in 2020 from the Office for National Statistics (ONS) (Office 
of National Statisics Coronavirus COVID-19 Infection Survey UK, 2023) 
on March 17, 2023 as shown in Fig. 1.

4.2. Model estimated exposure

Cumulative exposure to SARS-CoV-2 in seven regions of England 
estimated by the model that we published before were obtained from 
(Chen et al., 2021). Here, we firstly transformed and aggregated the 
cumulative exposure by region of England to daily incidence in England 
using Eq. (1) and Eq. (2).

4.3. 7-day average of reported COVID-19 cases in England

7-day average of reported COVID-19 daily cases in England in 2020 
were retrieved from the UK government’s official COVID-9 online 
dashboard (GOV.UK, 2023) on March 17, 2023 as shown in Fig. 3.

5. Method

5.1. Calculation of case detection ratios

We firstly calculated the incidence in England estimated by exposure 
model (Chen et al., 2021) by computing the difference of cumulative 
exposure in two successive days and adding together to the whole En
gland as shown in Fig. 1 and Fig. 3: 

Ii(t) = Ei(t+1) − Ei(t), t = 1, 2,…, n, i = 1,2,…,7 (1) 

IEngland(t) =
∑7

i=1
Ii(t) (2) 

Here, Ei(t) is the daily exposure at region i estimated by exposure 
model (Chen et al., 2021), n is the total number of days from 1 January 
2020 to 7 November 2020, i = 1,…7 represents London, Southwest, 
Southeast, Northeast, Northwest, East, Midland. IEngland(t) represents the 
daily incidence of England.

The 7-day average model predicted incidence can be calculated by 

IEngland(t) =
1
7

∑t+3

i=t− 3
IEngland(i), t = 4, 5,…, n − 4 (3) 

Here, t = 4 refers to the fourth day of 2020, n is the end date of the 
comparison exercise, 7 November 2020.

The estimated reporting ratio as shown in Fig. 3 was calculated by 

r(t) =
IEngland(t)

C(t)
(4) 

Here, C is the 7-day average reported cases in England from the UK 

government’s official COVID-9 online dashboard (GOV.UK, 2023).
While testing the relationship between model performance and data 

abundance in Fig. 2, we firstly obtained all the data and codes from 
paper (Chen et al., 2021) and rerun the model by adding the seropre
valence measurements one by one into the model.

5.2. Convergence and efficiency of Markov chain

We further assessed the convergence and efficiency performance for 
Markov Chains of the Bayesian estimations using multiple metrics, 
including trace plot, R̂, bulk effective sample size, tail effective sample 
size.

The trace shows if the chain has not yet converged to its stationary 
distribution—that is, if it needs a longer burn-in period. A trace can also 
demonstrate whether the chain is mixing well. A chain might have 
reached stationarity if the distribution of points is not changing as the 
chain progresses. The aspects of stationarity that are most recognizable 
from a trace plot are a relatively constant mean and variance. A chain 
that mixes well traverses its posterior space rapidly, and it can jump 
from one remote region of the posterior to another in relatively few 
steps.

R̂ is a well-known index in the Bayesian convergence analysis liter
ature that measures the between- and within- chain variances. It is a test 
that indicates a lack of convergence by comparing the variance between 
multiple chains to the variance within each chain. If the parameters are 
successfully exploring the full space for each chain, then R̂ = 1, since the 
between- chain and within- chain variance should be equal. If chains 
have not mixed well (i.e., the between- and within-chain estimates don’t 
agree), R̂ is larger than 1. RStan reports R̂ which is the maximum of rank 
normalized split-R-hat and rank normalized folded-split-R-hat, which 
works for thick tailed distributions and is sensitive also to differences in 
scale.

MCMC samplers do not draw truly independent samples from the 
target distribution, which means that our samples are correlated. We 
can, however, measure the number of effectively independent samples 
we draw, which is called the effective sample size. It is a measure that 
combines information from the R̂ value with the autocorrelation esti
mates within the chains. ESS estimates come in two variants, ess-bulk 
and ess-tail. The rule of thumb for ess-bulk is for this value to be 
greater than 100 per chain on average. Since we ran four chains, we 
need ess-bulk to be greater than 400 for each parameter. The ess-tail is 
an estimate for effectively independent samples considering the more 
extreme values of the posterior. This is not the number of samples that 
landed in the tails of the posterior, but rather a measure of the number of 
effectively independent samples if we sampled the tails of the posterior. 
The rule of thumb for this value is also to be greater than 100 per chain 
on average.

Fig. 5. Algorithm of numerical checking for parameters identifiability.
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5.3. Identifiability analyses

We assessed the parameters identifiability through numerical simu
lations (Fig. 5) where the estimation procedure was conducted twice, 
one on real-world seroprevalence data and another on simulated sero
prevalence data. The rationale of this numerical simulation approach is 
that the model parameterized by the estimates from real-world data 
becomes a fully known ‘oracle’ model and its parameters can accord
ingly be seen as ‘oracle’ parameters. Any estimates generated from this 
‘oracle’ model could then be checked through comparing with these 
oracle parameters. To test whether these two sets of parameter poste
riors are similar enough, we performed a Kolmogorov–Smirnov test (KS 
test).
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