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Scope
The scope of this document is to provide EU/EEA Member States and the UK with technical guidance for
estimating the prevalence of SARS-CoV-2 infected cases, through a cross sectional study design based on
pooled sampling for RT-PCR testing on a random population sample.
The proposed methodology is for surveillance purposes and does not address pooled testing for clinical (i.e.
diagnostic) or public health (e.g. contact tracing, infection prevention and control, screening) management of
individuals.
The goal is to provide a tool to monitor the activity of the disease with high efficiency in terms of laboratory
resources. The methodology provides a way to estimate prevalence from the results of a pooled RT-PCR test,
without the need to identify individual test results, and the statistical foundation for the strategy. We further
provide a method to optimise the pooling strategy with input for sample size decisions. Finally, we also provide
an in-house R package to help public health authorities define a strategy and analyse the results.

Target audience
Public health authorities in the EU/EEA Member States and the UK. The set-up of a PCR prevalence study requires
close collaboration between epidemiologists and virologists.

Background
The COVID-19 pandemic is putting a considerable strain on societies due to the large morbidity and mortality, the
profound impact on healthcare systems, and the economic and societal harm associated with the physical
distancing measures [1]. To better control the disease, allocate healthcare resources and evaluate the
effectiveness of control measures, it is important to achieve accurate estimates of the prevalence of infection at
the national and sub-national levels. Current surveillance strategies, such as mandatory notification and sentinel
surveillance by general practitioners or in hospitals, are mainly based on the testing and reporting of symptomatic
individuals or COVID-19 related deaths, and therefore underestimate the spread of the virus in the pauci- and
asymptomatic population or in specific risk groups with limited access to healthcare or testing.
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Furthermore, sentinel systems are less efficient in countries recommending patients not to visit general
practitioners if they have COVID-19 related symptoms, countries where stay-at-home policies are in place, or
countries where alternative testing sites and policies have been introduced.
For all these reasons, estimation of point prevalence of acute infection through PCR testing in a cross sectional
survey design on a random population sample, could provide valuable information about the pandemic situation.
Such studies could be repeated over time and be complementary to the cumulative prevalence estimations from
sero-epidemiological studies or to other surveillance systems. The point prevalence found can further be used to
feed into SEIR models of the outbreak, to improve estimates of the epidemic evolution and to assess the effect of
control measures. In the context of large testing needs and upscaling test capacity, it is also fundamental to
develop study protocols that improve efficient use of testing resources.
A few Member States have performed point prevalence studies in the general population:
Vo, Italy, February 2020 [2]: Two surveys were conducted, one to two weeks apart, in an Italian town with a
population of 3 275 individuals. In the first survey, which was conducted around the start of the lockdown of the
town, an infection prevalence of 2.6% (73/2 812) was found (95% confidence interval (CI) 2.1–3.3%). In the
second survey, which was conducted at the end of the lockdown, a prevalence of 1.2% (29/2 343) was found
(95% CI 0.8–1.8%).
Iceland, March 2020 [3]: Two surveys were conducted in Iceland: one using an open-invitation method
(convenience sample) to the entire population of Iceland, and one using a random population sample. Of those
tested in the open-invitation screening, 0.8% tested positive. For the random population screening, 6 782
randomly chosen Icelanders between 20 and 70 years of age were invited to participate through a telephone text
message sent between March 31 and April 1. Of these invitees, 2 283 (33.7%) had participated by 4 April. Thirteen
(0.6%) tested positive for the virus.
Sweden, March – April 2020 [4]: The Public Health Agency of Sweden, in collaboration with Swedish Armed
Forces, conducted a prevalence survey in Stockholm, Sweden. Between 26 March and 3 April 2020, 1106 persons
(adults or parents of selected children from a predefined representative study panel) were invited, of whom 738
participated (age range from 2 to 86 years of age). No analysis could be done for 31 of the participants. Eighteen
out of 707 analysed samples, or 2.5 % (95% CI 1.4–4.2%), tested positive with PCR for SARS-CoV-2 infection.
Under the assumption that this was a non-biased sample, this result would suggest 59 364 infected persons in
Stockholm in the last week of March. The study protocol was repeated with 679 participants between 21 and 24
April and resulted in an estimate of 2.3% [5]. A nation-wide study revealed that based on 2 573 persons tested,
0.9 % of the population was infected between 21 and 24 April [5].
United Kingdom, April – May 2020 [6]: A partnership including the Office for National Statistics, the University
of Oxford, the University of Manchester, Public Health England, and the Wellcome Trust conducted a COVID-19
infection survey. In the pilot survey, from 27 April to 10 May, based on 33 individuals testing positive out of 10 705
people, an average of 0.27% (95% CI 0.17-0.41%) of the community population was estimated to be infected.
Acknowledging the unknown false positive and false negativity rate of the tests, the results are reported as
‘positivity rate’ rather than as ‘prevalence rate’.
All these studies were based on individual testing of samples, which makes them expensive to reproduce on large
scales.
We propose a guidance for efficiently conduct large-scale population PCR-RT based prevalence studies through
pooled group testing. The technique is based on the grouping of clinical specimens of different people in diagnostic
pools before testing. Only a single test is then performed on each pool. Assuming perfect sensitivity and specificity,
a positive result indicates one or more affected individuals in the pool and a negative result indicates no positive
individuals. While pooling can apparently introduce bias in prevalence estimates, it’s accuracy becomes comparable
to individual testing when disease frequency is low (< 33%) [7,8].
One of the first applications of pooled group testing was in the screening for syphilis the US army in the 1940s, but
then it became a standard technique in the laboratory diagnostic context [9], the quality control field [10], and the
control of the spread of infectious diseases, e.g. malaria [11,12]. Lately, the technique has been studied in the
context of SARS-CoV-2 infection due to the need to perform a large number of RT-PCR tests to identify cases [1316].
For the sole purpose of a prevalence estimation study, no individual test results need to be obtained. However, to
obtain individual results for the implementation of contact tracing or infection prevention and control measures,
subsequent confirmatory tests can be done. For this, the original samples must be stored until the pooled test is
performed and smaller sample pools should be considered according to the laboratory method validation. It is
important to note that our pooling method is not recommended for diagnostic purposes. Guidance on the correct
implementation of individual cases identification through a group testing approach is outside the scope of this
document.
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Study design and implementation
The testing strategy proposed here is general and can be applied in a number of epidemiological situations. We will
describe some possible applications related to the current COVID-19 epidemic.

Study populations and sampling strategies
Study organisers need to identify the study population and develop a sampling strategy aimed at acquiring a
sample which is as unbiased as possible. Subgroup analysis is not possible with the proposed analytical strategy. If
random population samples are already drawn for other studies, e.g. sero-epidemiological studies, swabbing for
PCR testing could be added, provided the sample sizes are large enough. Country expertise should be utilised to
select the best strategy.
The goal of this sampling strategy is to obtain a representative sample of the population. For this purpose, it is
important that the selection of and willingness to participate of individuals is unrelated to their health status
(symptomatology) and to that of their contacts and exposures. For example, hospital-based or general practitioner
based sampling would produce an upward bias in prevalence, while recruiting participants at a fixed public location
(e.g. entrance of shops), pregnant women, blood donors, etc. would create a downward bias by selecting healthier
parts of the population.
We describe below two general sampling strategies; geographical sampling and risk group sampling.

Geographical sampling
The focus is the assessment of the prevalence of COVID-19 in a geographical area of interest, which could be a
region or a city. Larger areas may be associated with too high heterogeneity for a prevalence estimate to inform
public health action or serve as a surveillance indicator. For countrywide prevalence monitoring, study organisers
may stratify by regions with each sufficient sample size, or perform multiple region-specific studies.
Ideally, a (systematic) random sampling is taken from a population register. If available, predefined representative
study panels (set up for other or general study purposes) could be used.
If no population register or study panels that represent the general population are available, investigators may
select individuals from randomly selected households. In this case, we suggest the following procedure to avoid
bias in choosing an individual from a household:





use systematic random sampling to select a number of households equal to the number of individuals
needed;
acquire specimens from all individuals of the household;
sub-sample randomly individual material, independently from the household membership, until reaching the
needed number of samples.
pool the material, independently from the household membership, and perform RT-PCR testing on pools.

With this procedure, residual clustering effect due to household membership is expected to be negligible due to the
limited household size compared to the full sample size. Clustering effect may become relevant when including
large household structures like residential home, hospitals and prisons, especially if the final sample is
comparatively small. It is advisable not to include these groups in the study, but instead perform separated risk
group prevalence studies (cfr. Risk group sampling).
Household based sampling will be particularly effective when stay-at-home policies are in place as it is more likely
that all members of the household will be at home, reducing the risk of introducing bias in the selection.
If both registry based and household based sampling prove logistically unfeasible, other strategies based on
convenience sampling, like an open invitation recruitment, e.g. via a website or social media, or recruitment at
public places, may be used, at the cost of bias.
Independent of the sampling strategy, information (e.g. age, sex, number of household members, occupation,
socio-economic status indicators, presence of symptoms) may be registered for analysis of representativeness of
the population.

Risk group sampling
The proposed methodology can be utilised to assess the prevalence of infection in specific populations. Risk groups
of interest could be healthcare workers, the elderly, hospitalised patients, etc. Also in this design, it is important to
strive for selection of individuals independent of the perceived disease status. The objective of this protocol is to
estimate population prevalence and participants need to be properly informed.
The proposed methodology should not be used to replace guidance specific to clinical or public health management
of individuals or institutions of risk groups (e.g. comprehensive testing of residents and staff in long term care
facilities), but may be used to complement other forms of surveillance [17].
3

ECDC TECHNICAL REPORT

Pooled PCR testing on a random population sample to estimate prevalence of SARS-CoV-2 infection

The methodology does not preclude public health action based on the findings, e.g. in terms of infection
prevention and control, contact tracing, or reinforcement of testing policy and implementation.
If a clustered sampling design is used, e.g. selecting individuals from a limited number of institutions, the
clustering effect may be relevant. In this case, it may be more appropriate to perform separate sub-studies for
each institution and then combine the results.

Study frequency
Such prevalence studies can be performed on an ad hoc basis or they can be repeated at regular intervals to
provide surveillance of SARS-CoV-2 prevalence. The periodicity of studies should consider the public health
objectives and available resources. Pooled analysis can greatly reduce the costs in laboratory material, but does
not affect the logistic, human and time costs of the study.
For surveillance of prevalence, we suggest performing studies with enough periodicity to closely follow the
evolution of the epidemic. Given the rapid spread of SARS-CoV-2, a window of two to three weeks would be ideal.
The utilisation of pooled testing makes it possible to reduce the number of RT-PCR tests performed, while the
Bayesian inference methods (cfr. Analysis methods) make it possible to utilise the results of precedent studies to
decrease the required sample size.
For risk group analysis, if the goal is estimating a difference in risk and not surveillance, frequent repetition of
studies is less important, so the organisers should focus on collecting an adequate number of samples and avoid
biases.

Sample size
As described later, we provide tools aimed at the optimisation of the pooled test design (i.e. choice of the pool size
and number of pools) which also provide information on the impact of the total sample size on the study results.
The sample size needs to be sufficiently large to address non-response. From the experience of the above
mentioned studies, we suggest considering a non-response rate of about 30%, but the actual rate will largely
depend on the practical set-up of the study. In addition, non-response could be higher in specific sub-groups, and
based on previous experience, some specific sub-groups may be over-sampled [18].

Participant invitation
The invitation could be sent via a postal invitation, e-mail invitation, phone call, or SMS, according to what is
available in the registries.
Organisers need to consider the balance between the efficiency gains of pooling against the risk of non-response
due to not being provided with an individual result. If no individual test results will be obtained, this needs to be
clearly specified in the informed consent statement (as well as in the study protocol and data and material
agreement). Participants may still be provided the study results as a motivation. Furthermore, participants may be
provided with a test opportunity outside the study (e.g. via a voucher, or via a dedicated telephone number).

Specimen collection
For specimens taken by healthcare personnel, we propose the use of nasopharyngeal and/or oropharyngeal swabs.
If both are taken, they can be mixed together in one specimen [19].
Alternatively, participants may perform self-swabbing of throat and nose (nostrils). Also saliva can be collected but
requires a separate specimen and the use of this alternative sample type is still under evaluation [20-22].
We propose three possible methodologies for specimen’s collection.


Self-swabbing: Once people have accepted to participate, self-swabbing kits can be delivered with
appropriate instructions on self-swabbing. The Public Health Agency of Sweden recommends this
methodology in their report [4]. Video tutorials are an effective way to perform a successful training and
can be added to written instructions. Instructions need to be given on how, when and where the specimens
from the individual (or from all members of the household) will be collected. A safe pick-up and transport
can be organised by an appropriate courier or via a third party collaboration, e.g. the CBRN Defence Unit in
the Swedish study. Alternatively, people may be asked to bring the specimen (with instructions) to a given
location, e.g. triage or testing point.



Collection of specimens at home: Trained personnel, with due personal protective material, visit
selected individuals/household to perform the swabbing and collect the material. The personnel do not
necessarily have to be healthcare workers, but need to be appropriately trained, similar to regular testing
sites.
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Collection of specimens at established or ad hoc testing centres: Alternatively, the selected
individuals/households may be asked to present at testing sites with appropriate instructions and
coordination. This solution may increase the risk of non-response bias.

Testing procedure
For prevalence studies, the pooling of clinical specimens may be preferred over the pooling of RNA, because of
possible shortages of RNA extraction kits that have been described by EU/EEA countries [23]. RNA extraction can
thus be done once for each pool of clinical specimens.
RT-PCR is a very sensitive technique and depending on the Limit of Detection (LoD) of the individual assay, it
should be able to detect virus in pooled samples with low viral load [23]. However, increasing the number of
pooled specimens will increase the probability of false negative results especially in samples with low viral load.
Storage and mixing of clinical samples can be done in any format. As an example, 96 2.5ml deep-well plates, with
12-well columns or 8-well rows can be used to mix the individual samples. Multi-channel pipettes enable
simultaneous multi-sample pipetting manually. The final volume should be mixed thoroughly. Further pooling of
the initial pools can proceed. The final arrangement will require the distribution of the individual specimens in pools
in equal numbers (e.g. eight individuals per pool according to the laboratory’s assay validation) with each individual
material being present in not more than one pool.

RNA extraction and RT-PCR
After clinical sample pooling, RNA extraction can follow, using standard volumes based on the RNA extraction
protocol. RT-PCR can follow according to the laboratory’s validated protocols. Extension of the RT-PCR cycles and
modification of the protocol (e.g. to decrease the amount of buffer) may be considered to improve the detection
limit and enable increasing the number of pooled samples, but this should be validated in the individual laboratory
[24]. The limit of detection largely depends on the individual protocols and therefore any modifications will need to
be validated in the laboratory.
Many SARS-CoV-2 testing laboratories are using robotic pipetting platforms to rapidly and accurately pipet for RNA
extraction or RT-PCR assays in a high throughput manner. These robotic systems may be adjusted to perform
pooling of clinical specimens. However, we suggest that the pooling strategy is validated using manual pipetting
before using robotic platforms.

Assay validation
Validation of the level of pooling will need to be done in the individual laboratory based on the RNA extraction and
RT-PCR methodology used. Validation can be done by mixing the intended number of known positive and negative
clinical specimens and, following procedures, determine the maximum number of specimen pooling that does not
affect the method’s accuracy and enables detection of all of the positive samples in the pool [25]. The maximum
number of pooled samples (to obtain >95% sensitivity) depends on the laboratory’s protocols and especially the
Limit of Detection of the RT-PCR assay. It has been suggested that the pooling doesn’t affect PCR sensitivity for
SARS-CoV-2, with theoretical and experimental studies suggesting a high (> 95%) sensitivity up to 32 samples per
pool [7,24,25], but this will largely depend on the above mentioned validation.

Assay results
Group testing will give the following results:



a negative result will indicate that none of the individuals of the pool is infected;
a positive result will indicate that at least one individual in the pool is infected.

Biosafety precautions
Manual mixing may increase risk of operator exposure to SARS-CoV-2. Therefore, strict biosafety precautions are
needed. Please refer to the ECDC webpage for more information on biosafety precautions [19].
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Statistical analysis methods
Estimation of prevalence from pooled test results
The estimation of population prevalence from pooled test results can be achieved in a number of ways [26-28]. We
present three methodologies that allow incremental refinement in the estimations but with increasing technical
requirements. To overcome implementation difficulties, we provide an R package (https://github.com/EUECDC/PooledPrevalence) with tools to obtain state-of-the-art prevalence estimates and guide study design. Similar
packages for pool testing-based prevalence estimation are also available from other authors [29]; our package
offers the addition of a formal Bayesian solution to the problem.
The definitions use following notation: 𝑝 estimated COVID-19 prevalence; 𝑝𝑡𝑒𝑠𝑡 probability of a PCR test on a pool
of being positive; 𝑤 number of pools tested in a study; 𝑘 number of positive pools in a study; 𝑠 pool size (number
of individual samples in a pool).

Maximum likelihood estimation
This methodology is the most simple to implement and easy to reproduce with most statistical programs. It cannot
be used in extreme cases in which there are no positive pools for a given study, which is something that may arise
in the case of underpowered studies; in that situation assuming 𝑘 = 0.5 will allow to have results at the cost of an
upward bias in prevalence.
Given a test result 𝑝𝑡𝑒𝑠𝑡 = 𝑘/𝑤, the most likely prevalence is estimated as [30]:

(1) 𝑝 = 1 − √1 − 𝑘/𝑤
𝑠

and the relative 95% Confidence Intervals (95CI) as:
1

𝑠

(2) 𝐶𝐼95% = 1 − √1 − 𝑙𝑜𝑔𝑖𝑡 −1 (𝑙𝑜𝑔𝑖𝑡(𝑝𝑡𝑒𝑠𝑡 ) ± 1.96
with 𝑙𝑜𝑔𝑖𝑡(𝑥) = log(

𝑥

1−𝑥

) , and the logistic function its inverse 𝑙𝑜𝑔𝑖𝑡 −1 (𝑥) = exp(

√𝑤𝑝𝑡𝑒𝑠𝑡 (1−𝑝𝑡𝑒𝑠𝑡 )
exp(𝑥)

1+exp(𝑥)

)

).

Bayesian conjugate estimation
This methodology allows the possibility to have robust estimates in the presence of zero positive pools in a study.
The model produces the posterior probability distribution of the prevalence given a test result. Since the probability
of observing 𝑘 positive pools follows a binomial distribution, it is possible to infer the posterior probability of the
observed results 𝑝𝑡𝑒𝑠𝑡 employing the posterior conjugate distribution, which is a Beta with shape parameters 𝛼, 𝛽
(prior distribution cfr. later) incremented respectively with the number of positive pools 𝑘 and negative pools 𝑤 −
𝑘. Then (1) is used to estimate the prevalence from the obtained probability distribution. Since the whole posterior
distribution is estimated, it’s possible to extract the desired probability quantiles 𝑞. The usual quantiles are the
median (𝑞 = 50%) and the 95% Credibility Interval (95%CrI) given by 𝑞 = 2.5% and 𝑞 = 97.5%:

(3) 𝑝𝑞 = 1 − √1 − 𝑞𝐵𝑒𝑡𝑎(𝑞, 𝛼 + 𝑘, 𝛽 + 𝑤 − 𝑘)
𝑠

with 𝑞𝐵𝑒𝑡𝑎(𝑞, 𝑥, 𝑦) being a function that returns the 𝑞 quantile from the posterior conjugate Beta distribution with
parameters 𝑥 = 𝛼 + 𝑘 and 𝑦 = 𝛽 + 𝑤 − 𝑘.

Bayesian hierarchical estimation
This method can specify all the uncertainties by building a generative model of the observed results. It can take
into account the loss in sensitivity related to the swabbing (probability that viral material is obtained during the
swabbing of infected participants). The model can be also expanded to take into account the possible loss in
sensitivity due to pooling and the over-dispersion that may derive from the existence of independent risk groups in
the population. The current version of the algorithm assumes perfect PCR sensitivity (cfr. Assay validation) and
homogeneous risk in the target population (cfr. Geographical sampling).
The structure of the model is as follows (4):
𝑝 ∼ 𝐵𝑒𝑡𝑎(𝛼, 𝛽)
𝑠𝑒𝑛𝑠𝑠𝑤𝑎𝑏 ∼ 𝐵𝑒𝑡𝑎(𝛼𝑠𝑤𝑎𝑏 , 𝛽𝑠𝑤𝑎𝑏 )
𝑝𝑡𝑒𝑠𝑡 ∼ 1 − 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(0, 𝑠, 𝑝 × 𝑠𝑒𝑛𝑠𝑠𝑤𝑎𝑏 )
𝑘 ∼ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙( 𝑤, 𝑝𝑡𝑒𝑠𝑡 )
The method models the prevalence 𝑝 in the sample as Beta distributed with shape parameters 𝛼, 𝛽, and uses
draws from the distribution to simulate the test results for a pool with 𝑠 individual samples in it.
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The rate 𝑝𝑡𝑒𝑠𝑡 of positive pools 𝑘 out of 𝑤 total tested pools is modelled as a binomial distribution. The swabbing
𝑠𝑒𝑛𝑠𝑠𝑤𝑎𝑏 is modeled as a Beta distribution with shape parameters 𝛼𝑠𝑤𝑎𝑏 , 𝛽𝑠𝑤𝑎𝑏 .

Bayesian prior definition
The Bayesian models permit the definition of priors on the prevalence and the swabbing sensitivity, incorporating
a-priori expectations on the possible range of results, making them more robust against noise due to small sample
sizes. We suggest a default value of 0.3 for 𝛼, 𝛽, which indicate large uncertainty regarding the real prevalence,
but also favours lower values, in accordance with results from a number of studies showing prevalence figures
constantly below 5-10% (see background), and also to correct the tendency of pooled analysis to overestimate
prevalence [30] when underpowered. For 𝛼𝑠𝑤𝑎𝑏 , 𝛽𝑠𝑤𝑎𝑏 , we suggest respectively 8.8 and 0.74, which represent a
(median) swabbing sensitivity of ~95% ranging from 70% to 100%.
Setting custom priors for the prevalence can be useful in two settings:



Isolated point-prevalence studies with a limited number of samples available and relatively strong certainty
around the range of possible values for the prevalence, e.g. in institutes where random or census studies have
been done in similar settings;
Periodic studies, repeated in the same location, in which the results of the previous iteration can be used to
inform the next one. This methodology is useful to perform multiple studies over time while keeping the
number of required samples low. Priors should not be too tight in order to not obscure trends in the
prevalence;

To evaluate priors for the prevalence, a value 𝑢 must be chosen which indicates the intended precision, with higher
values indicating more certainty (tighter 95%CrI). To have a distribution whose mean prevalence is 𝑝𝑝𝑟𝑖𝑜𝑟 , 𝛼 must
be set to 𝑢 × 𝑝𝑝𝑟𝑖𝑜𝑟 and 𝛽 = 𝑢(1 − 𝑝𝑝𝑟𝑖𝑜𝑟 ); if instead 𝑝𝑝𝑟𝑖𝑜𝑟 is intended to be the most probable value (mode), then
𝛼 = 𝑝𝑝𝑟𝑖𝑜𝑟 (𝑢 − 2) + 1 and 𝛽 = (1 − 𝑝𝑝𝑟𝑖𝑜𝑟 )(𝑢 − 2) + 1. In the case of the conjugate Bayesian method, the priors
need to be put on the pool test result probability (𝑝𝑡𝑒𝑠𝑡 ), not directly on the prevalence (𝑝). In the
PooledPrevalence R Package associated to this document, we provide tools to simplify the selection of 𝛼, 𝛽 in order
to set the appropriate prior distribution. It is important to specify wide enough priors not to suppress the
information coming from the data but which also discourage unrealistic results due to chance, especially when the
sample size is low. Results should be reported with and without the use of custom priors, to assess the impact on
the estimates.

Optimisation of test design
It is important to implement a study design that enables prevalence estimates with good accuracy with a limited
use of resources. The goal is to achieve a low estimation error (bias) and uncertainty (variance) while keeping the
total number of tested individuals and consumption of laboratory material low.
The optimisation of a pooled testing study is a complex process, since it involves finding a balance between the
pool size (number of individual samples in a testing pool), which increases bias but decreases costs, and the
number of pools and the total number of samples, which decreases variance at the cost of more resources. We
developed a tool in the PooledTesting R package to help identify optimal study design. The tool requires user
defined operational limits (maximum pool size, maximum number of pools to test, maximum number of individual
samples) and a hypothetical prevalence of the disease in the target population. The tool uses the following
algorithm:
1)

The optimisation algorithm computes the expected number of positive pools in a study, given a
hypothesised prevalence 𝑝ℎ𝑦𝑝 , for each combination of pool size and number of pools. The range of
evaluated combinations depends on the operational limits chosen by the user in terms of maximum pool
size, number of pools to test and number of individuals samples.

2)

From the simulated results, the prevalence is back-estimated using the conjugate Bayesian method defined
in (3) and the estimation error 𝑒𝑟𝑟 = 𝑎𝑏𝑠(𝑝 − 𝑝ℎ𝑦𝑝 ) and the uncertainty 𝑢𝑛𝑐 = 𝑝97.5% − 𝑝2.5% are computed
together with the equivalent estimated 𝑒𝑟𝑟𝑏𝑎𝑠𝑒 , 𝑢𝑛𝑐𝑏𝑎𝑠𝑒 obtained by an unpooled analysis (with one sample
per pool and number of tested pools equal to the number of individuals in the sample).

3)

Finally a cost function is estimated for each combination: 𝑐𝑜𝑠𝑡 𝑠𝑐𝑜𝑟𝑒 = log (

𝑒𝑟𝑟

𝑝ℎ𝑦𝑝

log (

𝑒𝑟𝑟𝑏𝑎𝑠𝑒
𝑝ℎ𝑦𝑝

𝑢𝑛𝑐𝑏𝑎𝑠𝑒

) + log (

𝑝ℎ𝑦𝑝

) + log (

𝑢𝑛𝑐
𝑝ℎ𝑦𝑝

)+

𝑤

) + log( ) . The cost score decreases as the statistical accuracy (related to the first
𝑠

𝑤

4 terms in the equation) increases but grows with the resource usage represented by . To keep the cost
down the pool size 𝑠 needs to be increased or the total number of must be limited.
4)

𝑠

A decision tree algorithm identifies relevant combinations of number of tested pools and pool size, defining
a number of ‘optimisation windows’ that minimise the cost function. The windows are proposed to the user
starting by those with the best balance between resource utilisation and estimation accuracy.
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Here we provide an example of an output of the optimisation algorithm for a hypothesised prevalence of 0.5%.
The tool was also given as an input the following operational limits: maximum pool size = 12, maximum number of
pools to test = 2 000, and maximum individual samples = 2 000. The maximum number of individual samples act
as an upper limit to the possible combinations of pool size and number of pools: the product of the two needs to
be lower than the number of individual samples; for example, a study design with 500 tested pools of size 12 (6
000 individuals) is not considered given the maximum of 2 000 individual samples.
With these inputs, the best suggested ‘optimisation window’ has a pool size ≥ 9 and a number of tested pools ≥
54 (table 1, first column). To account for possible problems of sensitivity as the pool size increases, we suggest
choosing the lower limit (pool size = 9) of the window. Regarding the number of pools, these results indicate that
using just 54 pools is enough to achieve good accuracy; nevertheless, we suggest testing the largest number of
pools possible for the given the operational limits, in this case 2000/9 = ~222 (table 1, second column). In table 1
we report the simulated results for both possibilities. The results represent the median and the [2.5%, 97.5%]
interval of the distribution of the estimates of 2000 simulations.
Table 1. Simulations of study results given a prevalence of 0.5%, and the best operational windows
returned by the optimisation algorithm for the operational limits described in the text
Saved tests (%)
Total tested individuals
Estimated prevalence
Estimation uncertainty
Estimation error
Unpooled study prevalence
Unpooled study uncertainty
Unpooled study error

w = 54, s = 9

w = 222, s = 9

432 tests (88.9%)

1 778 tests (88.9%)

486

2 000

0.45%, 95%CI: [0.047%, 1.3%]

0.52%, 95%CI: [0.21%, 0.84%]

1.2%, 95%CI: [0.51%, 2.1%]

0.64%, 95%CI: [0.41%, 0.81%]

0.26%, 95%CI: [0.047%, 0.83%]

0.12%, 95%CI: [0.019%, 0.34%]

0.45%, 95%CI: [0.047%, 1.3%]

0.51%, 95%CI: [0.21%, 0.86%]

1.2%, 95%CI: [0.52%, 2%]

0.63%, 95%CI: [0.41%, 0.81%]

0.26%, 95%CI: [0.053%, 0.77%]

0.11%, 95%CI: [<0.001%, 0.34%]

The loss in accuracy between pooled (s = 9) and unpooled (s = 1) study designs, given the same number of tested
individuals is negligible but the pooling leads to a significant saving of resources (88.9% less tests used). Further,
performing 222 tests instead of 54 almost doubles the accuracy. Given the lower number of tests required after
pooling, the extra resources should be used to increase the total number of tested individuals, since that greatly
decreases estimation uncertainty and error.
Table 2 shows the results of when the algorithm is applied in a scenario with a higher hypothesised prevalence
(5%), keeping the same operational limits (maximum pool size = 12, maximum pools to test = 2 000, maximum
tested individuals = 2 000). In this case, the algorithm suggests a window of 𝑠 ≥ 8 and 𝑤 ≥ 102. Again we show
the results for the most conservative scenario (w = 102, s = 8) and after maximisation of the number of tests for
the same pool size (w = 250, s = 8). The results represent the median and the [2.5%, 97.5%] interval of the
distribution of the estimates of 2000 simulations.
Table 2. Simulations of study results given a prevalence of 5%, and the best operational windows
returned by the optimisation algorithm for the operational limits described in the text
Saved tests (%)
Total tested individuals
Estimated prevalence
Estimation uncertainty
Estimation error
Unpooled study prevalence
Unpooled study uncertainty
Unpooled study error

w = 102, s = 8

w = 250, s = 8

714 tests (87.5%)
816
5%, 95%CI: [3.6%, 6.8%]
3.3%, 95%CI: [2.7%, 3.9%]
0.56%, 95%CI: [0.048%, 2%]
5%, 95%CI: [3.6%, 6.5%]
3%, 95%CI: [2.5%, 3.4%]
0.53%, 95%CI: [0.043%, 1.8%]

1 750 tests (87.5%)
2 000
5%, 95%CI: [4%, 6.1%]
2.1%, 95%CI: [1.9%, 2.4%]
0.36%, 95%CI: [<0.001%, 1.2%]
5%, 95%CI: [4.1%, 6%]
1.9%, 95%CI: [1.7%, 2.1%]
0.36%, 95%CI: [<0.001%, 1.1%]

The pooled estimation loses efficiency as the prevalence grows; so to keep good accuracy, a larger number of
tested pools and a lower number of individuals per pool is required. As a rule of thumb, it is better to choose a
hypothesised prevalence slightly higher than what is expected, to avoid the risk of an underpowered study in case
the initial estimates were too conservative.
These results show how it is possible to save a large amount of resources using a pooled testing strategy. Even if
the uncertainty in the unpooled test is expectedly lower, the difference is trivial, especially compared to the
number of tests saved. The tool we provide allows study organisers to choose among a number of settings based
on their specific situation in terms of resource constraints and disease prevalence.
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Conclusion
We presented a methodology to obtain prevalence estimates for SARS-CoV-2 infections based on PCR testing when
pooling is performed to improve the efficiency of the use of laboratory resources. Member States may consider
starting to perform such studies, e.g. based on samples of 1 000 individuals by subnational region. When repeating
this at e.g. 2-3 week intervals these estimates may provide a valuable complement to the other surveillance
systems. Through a Bayesian approach, the results from previous studies may feed into improving the estimates of
following studies. We provide an R package (https://github.com/EU-ECDC/PooledPrevalence) to assist Member
States in obtaining their prevalence estimates.
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