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Abstract
The Coronavirus pandemic set off a flurry of research and reports on a wide range of concerns for the 
health sciences. One of these concerns has been an interest in effective monitoring, tracing, and testing of 
the disease on a mass scale. The acute and emergent nature of the crisis precipitated a need not only for 
greater monitoring capacity, but one which could scale at a mass level and at a reduced cost. The reduction 
of costs was crucial not only for greater efficiencies as capacity was taxed, but also for prevalence testing 
in low income and developing countries. This paper offers a review of the pooled testing literature around 
the Covid-19 pandemic, identifying developments in the field as well as paths forward for new variants 
or future public health emergencies.
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Introduction
Early papers offer straightforward models of group testing samples in order to quickly 

determine the presence of biomarkers in large groups [1-4]. The pressing need during 
Covid-19 to conduct high-volume testing surpassed antecedents like the HIV epidemic [5,6]. 
The Covid-19 pandemic brought renewed attention to this older literature by stretching and 
overwhelming public health infrastructure and demanding an increased testing capacity at 
a massive scale [7]. This acute need, combined with its global reach, rekindled an interest 
in both comprehensive and low-cost testing techniques in order to monitor population level 
contagion as well as identify at-risk individuals who would serve as vectors for spread.

Pooled testing offers two distinct, but interrelated advantages to one-off sample testing. 
At first, pooled (or batched) testing allows for the evaluation of a large number of samples at 
once, thereby making possible streamlined and low-cost population-level prevalence testing. 
Here, the goal is not to identify infected individuals, but to assess population disease levels. 
Along with random sampling, pooled testing allows for high levels of population accuracy 
with a diminished capacity. Second, however, is the prospect of accomplishing individual level 
monitoring. Here, depending on assumptions of prevalence within a population, tests can be 
batched with repeating, but not overlapping, individual samples allowing for pooled testing 
to accomplish both population and individual level assessments. This paper offers a review of 
developments in the literature on both the theory of pooled testing as well as its practice in 
laboratory and clinical sites during the Covid-19 pandemic.

Theory
The basic case underlying pooled testing is a binomial model which assumes a random 

probability of an event being realized in one of two ways, positive or negative cases. The aim 
is to test some number of people N, in groups of size n. Assume at first that there are no false 
negatives or false positives and that the cost to test a batch of samples, cb, is no less than the 
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cost of testing an individual sample, ci. Indeed, there are a number 
of aspects of the PCR diagnostic panel that must be implemented 
on each sample, making perfect streamlining impossible. However, 
the signal amplification of the PCR test means that much of the 
process remains the same for batched as for individual tests. The 
cost of implementing the batched technique will be cb in the case 
that the batch tests negative, and cb+nci in the case where the batch 
tests positive. This is because if even one member of the group tests 
positive, each person’s sample will need to be run individually1.  
Assuming each batch is a random subset of the population, the 
probability that the group will test negative is (1-p)n, where p is the 
prevalence in the local population.

The expected cost of one batched test is:

( )( )1 1 n
b ibatch nc p  + − − E cost = c     (1)

Given N total people, N/n batched tests will yield a total 
expected cost of: 

 ( )( )c nbE total cost = N +c 1- 1-pin
       

   (2)

Under individual testing, the total cost is Nci, so the expected 
cost of pooling relative to individual testing is:

( ) ( )( )  
nE relativecost = c c / n + 1- 1-pb i    (3)

Figure 1: Cost schedule for pooled testing for various prevalence levels.

Figure 1 plots the expected relative costs for a range of values 
of p. In the first panel cb=ci, and in the second and third cb is two 
and three times ci, respectively2.  These latter two more accurately 
reflect the realities of implementing RT-qPCR from respiratory 
specimens. PCR isolation of viral RNA is a labor-intensive process, 
even prior to cDNA synthesis and amplification of target sequences 

[8]. There are thus inevitably process-based hurdles which limit the 
value of cb/ci on the high end. The bolded horizontal line running 
parallel to the x-axis reflects the break-even point, where batch and 
individual testing are equally efficient in expectation [9]. Above the 
line (cost equal to 1.0) individual testing is preferable, and below 
pooled testing.

1In circumstances where we only care about prevalence testing and not individual testing, this constraint will diminish, 
as there is no compelling reason to subsequently run the test on the individual samples. Moreover, if the type I error rate 
is greater than 1/n, such individual level testing wouldn’t be warranted. The type I error rate greater than 1/n doesn’t 
undermine the usefulness of prevalence testing, however, since on average we would still reckon that the aggregate ac-
curacy would remain 1-ɑ.
2The cost of a batch test cb presumably depends on the size of the batch, n; we set it to a constant for the sake of sim-
plicity.
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This background is given to illustrate the statistical and financial 
elements of the problem, but they are not formally much advanced 
from early papers [1-3]. These early papers sought to estimate 
optimal group size given an underlying prevalence of an organism 
or pathogen in some larger set of samples.  There were advances 
on statistical approaches to pooled testing shortly before the 
pandemic [10], but many others quickly followed during the peak 
of the outbreak [11-17]. Mathematical results, using a simulated set 
of 2304 samples, and prevalences of anywhere from 0.2% to 20% 
support a potential 400-fold reduction in testing infrastructure [18].  
Moreover, while pooled testing was initially conceived as a means of 
prevalence testing across a population a “mini-pool” design can be 
overlayed on traditional methods allowing for greater efficiencies 
as well as individual-level monitoring [19].

The Dorfman method was extended using computational 
approaches by evaluating the optimal parameters for pooling 
given sensitivity considerations [20]. Here cutoffs for pooling size 
are identified using a computational approach while establishing 
optimal threshold values for Ct the number of RCP cycles required 
to mark a positive sample. However, especially with higher rates of 
prevalence, a context sensitive approach most successfully reduces 
costs, grouping samples together where there is an ex-ante reason 
to suspect higher prevalence, or projecting social network analyses 
on sampling choices [9,11].

Beyond computational approaches, fascinating analytical 
results offered exponential efficiencies on the traditional methods. 
While the Dorfman method offers theoretical efficiency on the order 
of 2p, these methods amplify such efficiency to an order of (e)(p) 
ln(p), where p is a non-large prevalence [20]. Such techniques along 
with employing subsample pooling on a hypercube algorithm, have 
the merit of addressing both desiderata above-namely prevalence 
testing and identifying individual positive cases [13,20]. Indeed, 
under optimal conditions a single positive individual could be 
identified in a pool of one million samples with only 39 tests [13]. 
Such advances on the theoretical foundations of the Dorfman 
algorithm provide massive efficiencies moving forward for Covid-19 
as well as other large scale public health events to come.

Practice
In practice pooled testing became widely used across many 

domains including university systems, large international cities, 
developing countries, and even receiving a strong endorsement 
by the FDA [21-23]. The CDC did, however, later raised concerns 
about the adequacy of pooling to identify individual cases, while 
EU guidance further reflected the limitations of pooling for antigen 
(rather than PCR) testing [24,25]. But the efficiencies cannot be 
undersold. The city of Qingdao, China was able to test its entire 
population of more than seven million in less than three days [20]. 
And in Germany pooled testing was found to reduce the number of 
tests required by anywhere from 24% to 93% [26].

The practical consideration, beyond the theoretical ones, were 
paramount during the peak of the pandemic. But the sheer scale of 
the public health emergency opened up empirical and observational 

research on an order that pooled testing could be conducted. Work 
in Italy reported using pools as large as 30 samples, with Ct values 
up to 34 cycles, while work in Spain found that smaller pools of five 
enabled Ct values up to 39.4 [7,15].  Importantly and impressively, 
Israeli results assessed 133,816 Covid-19 PCR tests in order 
to evaluate real-world implications of pooled testing [27]. This 
study is distinguished in both its observational nature-rather than 
analytic or simulated results-and the scale at which it operated. The 
results were striking. Operating with prevalence levels between 
0.5% and 6%, results exceeded theoretical expectations both for 
group size and Ct cycles. And while they were not directly able to 
estimate levels of false negatives, only one pool on retest was found 
misidentified, a NPV of 99.91%. 

Collectively, these results indicate the practical, real-world 
efficacy of pooled testing. While much of the literature had 
heretofore focused on theoretical results driven by analytical 
solutions of statistical models, the wide adoption of pooled 
testing and subsequent confirmatory scientific literature offers 
unparalleled endorsement of the practice.

Conclusion
Pooled sample testing is not a recent innovation, but, with 

the notable exception of the HIV epidemic, had not received wide 
consideration in the medical science literature prior to the Covid-19 
outbreak. The global and emergent nature of the public health 
event created novel demands for broad and efficient responses 
which would be widely implemented. Pooled testing proved an 
effective procedure for population and individual level surveillance, 
with diverse successes-from well-resourced OECD countries to 
under-resourced domains in the global south. Innovations were 
offered both on the analytic side demonstrating closed form as 
well as algorithmic solutions for more efficient practices as well 
as in applied, real-world circumstances. The review here provides 
an overview of these achievements and advances and should 
serve as an indication of the strong successes of the program as 
well as insights for future opportunities to combat global health 
emergencies. 
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