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ABSTRACT 11 

 12 

Background: The number of confirmed COVID-19 cases divided by population size is used as 13 

a coarse measurement for the burden of disease in a population. However, this fraction 14 

depends heavily on the sampling intensity and the various test criteria used in different 15 

jurisdictions, and many sources indicate that a large fraction of cases tend to go undetected. 16 

Methods: Estimates of the true prevalence of COVID-19 in a population can be made by 17 

random sampling. Here I use simulations to explore confidence intervals of prevalence 18 

estimates under different sampling strategies, exploring optimal sample sizes and degrees of 19 

sample pooling at a range of true prevalence levels. 20 

Results: Sample pooling can greatly reduce the total number of tests required for prevalence 21 

estimation. In low-prevalence populations, it is theoretically possible to pool hundreds of 22 

samples with only marginal loss of precision. Even when the true prevalence is as high as 10% 23 

it can be appropriate to pool up to 15 samples, although this comes with the cost of not knowing 24 

which patients were positive. Sample pooling can be particularly beneficial when the test has 25 

https://www.researchsquare.com/article/rs-32082/v1


imperfect specificity can provide more accurate estimates of the prevalence than an equal 26 

number of individual-level tests. 27 

Conclusion: Sample pooling should be considered in COVID-19 prevalence estimation efforts.  28 

 29 

 30 

BACKGROUND 31 

 32 

It is widely accepted that a large fraction of COVID-19 cases go undetected. A crude measure 33 

of population prevalence is the fraction of positive tests at any given date. However, this is 34 

subject to large ascertainment bias since tests are typically only ordered from symptomatic 35 

cases, whereas a large proportion of infected might show little to no symptoms [1,2]. Non-36 

symptomatic infections can still shed the Severe acute respiratory syndrome coronavirus 2 37 

(SARS-CoV-2) virus and are therefore detectable by reverse transcriptase polymerase chain 38 

reaction (RT-PCR)-based tests. It is therefore possible to test randomly selected individuals to 39 

estimate the true disease prevalence in a population. However, if the disease prevalence is low, 40 

very little information is garnered from each individual test. Under such situations it can be 41 

advantageous to pool individual patient samples into a single pool [3]. Pooling strategies can be 42 

efficient to increase the test capacity and are less wasteful with ingredients required for a RT-43 

PCR-based test. 44 

 45 

 46 

METHODS 47 

 48 

I simulated the effect sample pooling had on prevalence estimates under five different settings 49 

for true prevalence, 𝑝. I started by generating a population of 500,000 individuals and then let 50 

each individual have 𝑝 probability of being infected at sampling time. The number of patient 51 



samples collected from the population is denoted by 𝑛, and the number of patient samples that 52 

are pooled into a single well is denoted by 𝑘. The total number of pools are thus !
"
, hereby called 53 

𝑚. The number of positive pools in an experiment is termed 𝑥. I calculated the estimated 54 

prevalence �̂� at each parameter combination by replicating the experiment 10,000 times and 55 

report here the 2.5% and 97.5% quantiles of the distribution of �̂�.  56 

 57 

Explored parameter options: 58 

𝑝 ∈ {0.001, 0.003, 0.01, 0.03,1.0} 59 

𝑛 ∈ {200, 500, 1000, 1500, 2000, 3000, 5000} 60 

𝑘 ∈ {1,3, 5, 7,10, 15, 20, 25, 30, 40, 50, 70, 100, 200} 61 

 62 

I considered the specificity (𝜃) of a PCR-based test to be 1.0 but include simulations with the 63 

value set to 0.99. Test sensitivity (𝜂) depends on a range of uncontrollable factors such as virus 64 

quantity, sample type, time from sampling, laboratory standard and the skill of personnel [4]. 65 

There have also been reports of it varying with pooling level [5]. For the purposes of this study, I 66 

fixed the sensitivity at 0.95, irrespective of the level of pooling. This estimate is rather low, which 67 

would suggest that I am somewhat overestimating the uncertainty of �̂�. However, since it is 68 

possible that tests will be carried out under suboptimal and non-standardized conditions I prefer 69 

to err on the side of caution. 70 

 71 

The formula of Cowling et al., 1999 [6] was used to calculate �̂� from a single sample: 72 

 

�̂� = 1 − 7
𝜂	 −	 𝑥𝑚

𝜃	 + 	𝜂 − 	1:

#
"

 
(1) 

 



Note that the number of positive pools, 𝑥, can be approximated in infinite populations as a 73 

stochastic variable subject to a binomial distribution with parameters 𝑚 and 𝑃, where the latter 74 

is the probability that a single pool will test positive. A positive pool can arise from two different 75 

processes: There can be one or more true positive samples in the pool, and they are detected, 76 

or there can be no true positive samples in the pool, but the test gives a false positive result. 77 

These two possibilities are represented by the first and second part of the following equation, 78 

respectively: 79 

 𝑃(𝑝, 𝑘) 	= 	 (1 − (1 − 𝑝)")𝜂	 +	(1 − 𝑝)"(1 − 𝜃) (2) 

 

Closer inspection of the above formula reveals something disheartening: When 𝑝 approaches 80 

zero, 𝑃 converges towards 1 − 𝜃. Thus, in low-prevalence scenarios, and for typical values of 81 

test sensitivity and specificity, most positive test results will be false positives. Nevertheless, 82 

with appropriate levels of sample pooling it is possible to get decent estimates of the true 83 

prevalence because the probability of having no positive samples in a pool decreases with 𝑘. 84 

 85 

Freedom from disease 86 

 87 

Pooled sampling can also be used to efficiently assert freedom from disease with a certain 88 

probability. If the population is free from the disease, then we find no truly positive sample. The 89 

question then becomes how many samples we need to take from a population with prevalence 90 

𝑝 to ensure that the probability of sampling at least one single positive patient is 𝛼 or higher. I 91 

calculated this number using the formula of Christensen and Gardner, 2000 [7]: 92 

 
𝑛 ≥

𝑙𝑜𝑔(1 − (1 − 𝛼))
𝑙𝑜𝑔(𝜃(1 − 𝑝) 	+	(1 − 𝜂)𝑝)

 

(3) 



 

The formula of Christensen and Gardner can be modified to accommodate pooled sampling: 93 

 
𝑚 ≥

𝑙𝑜𝑔(1 − (1 − 𝛼))
𝑙𝑜𝑔((1 − 𝑝)"𝜃	 +	(1 − (1 − 𝑝)")(1 − 𝜂)

 (4) 

 

When the prevalence is zero, the formula becomes much simpler:   94 

 
𝑚 ≥

log	(𝛼))
𝑙𝑜𝑔(𝜃)

	 , 𝜃 ≠ 1 (5) 

 

When tests have imperfect specificity (𝜃 ≠ 1), it generally requires a high number of samples to 95 

distinguish between a truly disease-free population and one with low prevalence. One way to 96 

calculate how many samples are needed to distinguish between the two is to see it as a 97 

classical statistical hypothesis testing problem. If we let 𝑋 be the number of positive samples 98 

from a disease-free population, and 𝑌 the number of positive samples from a population with 99 

low prevalence, we can analyze the probability mass function of the difference between these 100 

two binomial variables to see what sample numbers are required to reject the null hypothesis 101 

that 𝑋 = 𝑌. 102 

 𝑋	~𝐵𝐼𝑁(𝑛, 𝑃#), 𝑃# = (1 − 𝜃)	 (6) 
 

 𝑌	~𝐵𝐼𝑁(𝑛, 𝑃$), 𝑃$ = 𝑝𝜇 + (1 − 𝜃)(1 − 𝑝)	 (7) 
 

 𝑍 = 𝑋 − 𝑌 (8) 
 

Mathematically, the probability mass function of 𝑍 can be calculated as follows: 103 

 

𝑝(𝑧) = 	

⎩
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(9) 
 

 104 



 105 

RESULTS 106 

 107 

Estimates of prevalence 108 

 109 

In the following, I use simulations to calculate the central 95% estimates of �̂� using a test with 110 

perfect specificity (Fig. 1). As expected, higher number of total samples are associated with a 111 

distribution of �̂� more narrowly centered around the true value, while higher levels of pooling are 112 

generally associated with higher variance in the �̂� estimates. The latter effect is less pronounced 113 

in populations with low prevalence. For example, if the true population prevalence is 0.001 and 114 

a total of 500 samples are taken from the population (Fig. 1, panel A), the expected distribution 115 

of �̂� is nearly identical whether samples are run individually (k=1) or whether they are run in 116 

pools of 25. Thus, it is possible to economize lab efforts by reducing the required number of 117 

pools to be run from 500 to 20 (500 divided by 25) without any significant alteration to the 118 

expected distribution of �̂�. With 5000 total samples, the central estimates of �̂� vary little between 119 

individual samples (95% interval 0.00021-0.0021) and a pooling level of 200 (95% interval 120 

0.0022-0.0021), making it possible to reduce the number of separate RT-PCR setups by a 121 

factor of 200. On the other hand, when the true population prevalence is 0.1, (Fig.1, panel E),  122 

 123 

The situation changes when the test specificity (𝜃) is set to 0.99, that is, allowing for false 124 

positive test results (Fig. 2). This could theoretically occur from PCR cross-reactivity between 125 

COVID-19 and other viruses, or from human errors in the lab. A problem with imperfect 126 

specificity tests are that false positives typically outnumber true positives when the true 127 

prevalence is low. This creates a seemingly paradoxical situation in which higher levels of 128 

sample pooling often leads to prevalence estimates that are more accurate. This is because 129 



many pools test positive without containing a single true positive sample, leading to inflated 130 

estimates of the prevalence. When the level of pooling goes up, the probability that a positive 131 

pool contains at least one true positive sample increases, which increases the total precision. 132 

The trends about appropriate levels of pooling for different sample numbers and levels of true 133 

population prevalence are similar as for the perfect specificity scenario, but with imperfect 134 

specificity, we have an added incentive for sample pooling in that prevalence estimates are 135 

closer to the true value with higher levels of pooling. 136 

 137 

Freedom from disease 138 

 139 

Sample pooling can also be of great benefit in order to establish freedom from disease. True 140 

freedom in a population is not possible to assert without sampling every individual. However, we 141 

can establish how many samples we need in order to have at least (1 − 𝛼)% probability of 142 

getting a positive sample if the true prevalence was 𝑝. For example, from Fig. 3, panel A, we 143 

can see that if by sampling 60 patients from a population with a true prevalence of 0.06, we 144 

would be 95% certain that at least one of our samples came out positive. That is, if the true 145 

prevalence in the source population was exactly 0.06, we would only expect to get 60 negative 146 

samples by chance 5% of the time. A common interpretation of this is that if all pools test 147 

negative, we can be 95% certain that the true prevalence in the source population is 0.06 or 148 

lower. 149 

 150 

Note that when the specificity is 1.0, we will never get a positive test from a completely disease-151 

free population no matter how many samples we take. However, if the test specificity is less 152 

than 1.0, the sample size needed to ensure (1 − 𝛼)% probability of getting at least one positive 153 

sample has an upper bound, even when the population is free of disease. This is the sample 154 



size for which we would expect at least a 𝛼% probability of getting a false positive result (Fig. 3, 155 

panel B). From formula (5) this number is 299 for an 𝛼 of 5% and a specificity of 0.99. 156 

 157 

Clearly, it becomes very hard to discriminate truly disease-free populations from populations 158 

with low prevalence when a test is imperfect. Using formula (9), we find that with a test 159 

specificity of 0.99, taking 2743 samples from a disease-free population and as many from a 160 

population with a prevalence of 0.005, we will have a 5% probability of getting more positive 161 

samples from the disease-free population than from the low-prevalence one (Fig. 4). If the true 162 

prevalence drops to 0.001, the required number of samples to reliable differentiate from a 163 

disease-freeness 95% of the time jumps to nearly 70000. With this is mind, it is hard to imagine 164 

a situation in which random testing with an imperfect specificity test could be used to 165 

demonstrate true freedom rather than a very low prevalence. 166 

  167 

DISCUSSION 168 

 169 

The relationship between true prevalence, total sample number and level of pooling is not 170 

always intuitive. Note in particular that for certain combinations of parameters, the wavy shape 171 

of some curves indicates that the precision can actually increase with higher levels of pooling 172 

(Figs. 1 and 2). This is particularly true for the lower number of sample counts. This 173 

phenomenon is mainly caused by the discrete nature of each estimate of �̂�. That is, �̂� is not 174 

continuous and for limited pool sizes miniscule changes in the number of positive pools can 175 

affect the estimate quite a bit.  176 

 177 

For example, if we take 200 samples and go with a pool size of 100, there are only three 178 

potential outcomes: First, both pools are negative, in which case we believe the prevalence is 0. 179 

Second, one pool is positive and the other negative, in which case we estimate �̂� as 180 



approximately 0.007 if the test sensitivity is 0.95. Finally, both pools are positive, in which case 181 

the formula of Cowling et al. does not provide an answer because the fraction of positive pools 182 

is higher than the test sensitivity. This formula is only intended to be used when the fraction of 183 

positive pools is much lower than the test sensitivity.  184 

 185 

In general, very high levels of pooling are not appropriate since, depending on the true 186 

prevalence, the probability that every single pool has at least one positive sample approaches 1. 187 

In low prevalence settings however, it can be appropriate to pool hundreds of samples, but the 188 

total number of samples required to get a precise estimate of the prevalence is much higher. 189 

Thus, decisions about the level of pooling need to be informed by the prior assumptions about 190 

prevalence in the population, and there is a prevalence-dependent sweet spot to be found in the 191 

tradeoff between precision and workload. 192 

 193 

CONCLUSION 194 

 195 

Attempts to estimate the true prevalence of COVID-19 in presumptive low-prevalence or 196 

disease-free populations can benefit from sample pooling strategies. Such strategies have the 197 

potential to greatly reduce sampling-associated costs with only slight decreases in the precision 198 

of prevalence estimates. If the prevalence is low, it is generally appropriate to pool even 199 

hundreds of samples, but the total sample count needs to be high in order to get reasonably 200 

precise estimates of the true prevalence. On the other hand, if the prevalence is high there is 201 

little to be gained by pooling more than 15 samples. 202 

 203 

LIST OF ABBREVIATIONS 204 

RT-PCR = Reverse transcriptase polymerase chain reaction 205 

SARS-CoV-2 = Severe acute respiratory syndrome coronavirus 2 206 
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 219 
FIGURE LEGENDS 220 
 221 
Fig. 1 – Central 95% estimates of �̂� with a test with perfect specificity under different 222 
combinations of total number of samples and level of sample pooling. Panel A: 𝑝 = 0.001; Panel 223 
B: 𝑝 = 0.003; Panel C: 𝑝 = 0.01; Panel D: 𝑝 = 0.03; Panel E: 𝑝 = 0.10 224 
 225 
Fig. 2 – Central 95% estimates of �̂� with a test with a specificity of 0.99 under different 226 
combinations of total number of samples and level of sample pooling. Panel A: 𝑝 = 0.001; Panel 227 
B: 𝑝 = 0.003; Panel C: 𝑝 = 0.01; Panel D: 𝑝 = 0.03; Panel E: 𝑝 = 0.10 228 
 229 
Fig. 3 – Testing for freedom of disease with a test with perfect specificity. The x-axis represents 230 
different true levels of 𝑝, and the colored lines represent the number of samples associated with 231 
95% probability of having at least one positive sample at that prevalence level. For perfect 232 
specificity tests this is commonly interpreted as meaning that we can be 95% certain that the 233 
true prevalence is lower. The effects of sample pooling are explored with different color lines. 234 
Panel A: Test specificity = 1.0; Panel B: Test specificity = 0.99. 235 
 236 
Fig. 4 – Using a test with specificity of 0.99 to discriminate a disease-free population from a 237 
population with 𝑝 = 0.005 with 2743 samples from both populations. Panel A: The expected 238 
number of positive samples from the disease-free and the low-prevalence populations; Panel B: 239 
The probability mass function of the difference in the number of positive samples between the 240 



low-prevalence and the disease-free population. With 2743 samples from both populations, 241 
there is a 5% probability of getting more positive tests from the disease-free population. 242 
 243 
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