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Abstract

Background: Pathogenic infections pose a significant threat to global health, affect-
ing millions of people every year and presenting substantial challenges to healthcare
systems worldwide. Efficient and timely testing plays a critical role in disease control
and transmission prevention. Group testing is a well-established method for reducing
the number of tests needed to screen large populations when the disease prevalence
is low. However, it does not fully utilize the quantitative information provided by gPCR
methods, nor is it able to accommodate a wide range of pathogen loads.

Results: To address these issues, we introduce a novel adaptive semi-quantitative
group testing (SQGT) scheme to efficiently screen populations via two-stage gPCR
testing. The SQGT method quantizes cycle threshold (Ct) values into multiple bins, lev-
eraging the information from the first stage of screening to improve the detection sen-
sitivity. Dynamic Ct threshold adjustments mitigate dilution effects and enhance test
accuracy. Comparisons with traditional binary outcome GT methods show that SQGT
reduces the number of tests by 24% on the only complete real-world gPCR group test-
ing dataset from Israel, while maintaining a negligible false negative rate.

Conclusion: In conclusion, our adaptive SOGT approach, utilizing gPCR data

and dynamic threshold adjustments, offers a promising solution for efficient popula-
tion screening. With a reduction in the number of tests and minimal false negatives,
SQGT holds potential to enhance disease control and testing strategies on a global
scale.

Keywords: Group testing, Pooled testing, Semiquantitative group testing, gPCR, Ct
values, Viral load, COVID-19

Background

Pathogenic infections in humans can cause a wide range of diseases, from mild ailments
like the common cold or strep throat to more severe and life-threatening illnesses such
as COVID-19, Ebola, and Tuberculosis [2, 4]. These diseases are spread through the pro-
liferation of pathogens within the host and subsequent transmission to other susceptible
individuals, often leading to an outbreak in a population. The amount of pathogen in
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a host, typically referred to as the viral load in the case of viruses, is most frequently
expressed in terms of the number of pathogen particles per milliliter of the collected
fluid sample. It can vary significantly from the time of infection until recovery and can
correlate with the severity of symptoms [18, 19, 35]. To quantify viral loads, the real-time
reverse transcription-polymerase chain reaction (QPCR) method is widely used, which
reports the number of amplification cycles before the amount of genetic material in the
sample reaches a prescribed threshold for detection, known as the cycle threshold or Ct
value.

Individual samples are usually tested using qPCR to monitor disease progression in
patients, but when screening a population for infected individuals, it is more efficient
to test large groups of samples simultaneously. Group testing (GT) is a strategy that
involves pooling multiple samples prior to running qPCR tests, and subsequently detect-
ing infected individuals in the groups based on the test results. This reduces the overall
number of tests required while minimizing the false negative rate (FNR), which is criti-
cal in infectious disease screening methods, as undetected positive individuals can lead
to the rapid spread of disease. Various GT strategies have been proposed in the past to
increase the efficiency of wide-scale testing [14, 15, 24], which are implemented using
adaptive or non-adaptive protocols. Adaptive testing allows for the sequential selection
of groups, while non-adaptive testing requires the selection of all test groups at the same
time.

The first known GT scheme, proposed by Dorfman [14], is an example of adaptive GT
with binary outcomes (positive or negative), and is not designed to use the quantita-
tive information about viral load. However, fully quantitative testing schemes, including
compressive sensing [13, 20], are susceptible to measurement noise, require specialized
pooling matrices, and come with performance guarantees only when the ratio of maxi-
mum to minimum viral load is confined to a relatively narrow interval [1]. This is not the
case for many viruses, including SARS-CoV-2, where viral loads of patients may differ by
multiple orders of magnitude [18]. Furthermore, the pooling of samples in both GT and
compressive sensing methods leads to dilution, which can adversely impact the accuracy
of test outcomes and cannot be directly addressed in a compressive sensing setting.

To address these limitations, we propose a new adaptive semi-quantitative group test-
ing (SQGT) scheme that uses Ct values quantized into more than two bins in a struc-
tured way. In addition, our scheme combines test outcomes from two rounds to improve
the likelihoods of subjects being labelled correctly. An idea for two rounds of testing
with binary outcomes that is similar to our approach is array testing [6, 26]. The key
differences between the aforementioned work and our method lie in the choice of the
number of subjects in a test pool (fixed to /7 in [6, 26], but optimized in our work), and
the fact that we use nonbinary outcomes that reflect the actual recorded Ct values of the
tested groups. Our work also addressed dilution effects via controlled changes in the
threshold values. Since GT was used during the COVID-19 pandemic, multiple theoreti-
cal approaches mostly based on Dorfman’s method have been developed [3, 33]. At the
same time, several large-scale GT data sets containing Ct values in COVID-19 infected
individuals have been generated and made publicly available [5, 12, 21]. Therefore we
test our SQGT scheme on the only known complete real-world qPCR COVID-19 data
from Israel [5] (complete in the sense that individuals involved in positive groups were
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tested individually) and compare it Dorfman’s method, showing an increase in testing
efficiency. For example, for a population infection rate of 0.02, our SQGT method uses
24% fewer tests than the binary outcome Dorfman’s GT method, while maintaining a
negligible FNR compared to qPCR noise.

Algorithms and results

Basics of group testing

GT, in its most basic form, performs screening of a collection of potentially positive indi-
viduals by splitting them into test groups involving more than one individual so as to save
on the total number of tests performed. The outcome of a group of test subjects is inter-
preted as follows: the result is declared positive (and denoted by 1) if at least one of the
individuals in the tested group is infected; and, the test result is declared negative (and
denoted by 0) if there are no infected individuals in the group. From a theoretical point
of view, GT aims to find an optimal strategy for grouping individuals so that the number
of binary tests needed to accurately identify all infected individuals is minimized. GT
can be implemented using nonadaptive and adaptive approaches. Unlike adaptive GT,
nonadaptive schemes require that all tests are performed simultaneously so that the out-
come of one test cannot be used to inform the selection of individuals for another test.
The first known GT scheme by Dorfman [14] is an example of adaptive screening since it
involves two stages of testing, one of which isolates groups with infected individuals, and
another one that identifies the actual infected individuals. In general, adaptive schemes
use multiple stages of testing and different combinations of individuals to best inform
the sequence of tests to be made. (The term “adaptive” is standard in the information
theory community, although work in other research areas sometimes deviate from this
terminology.) When specializing Dorfman’s scheme for qPCR screening, the decision
about positive and negative group labels is made based on Ct values (see Fig. 1).

Despite their widespread use, GT methods have notable shortcomings when used in
systems that provide more quantitative information than a binary answer of the form
“yes-no, such as is the case for qPCR screening. This motivates developing extensions of
GT schemes that make use of the more quantitative information available from experi-
ments. When all of the available quantitative information is used, the generalized GT
scheme represents a form of compressive sensing (CS) [8, 11, 13]. However, CS-based
schemes require the ratio of the maximum and minimum pathogen concentrations to
be properly bounded [1]. This type of assumption does not hold for a large number of
infectious diseases, including COVID-19, where the viral concentrations can vary over
several orders of magnitude [18]. In the presence of infected individuals with widely dif-
ferent loads, CS approaches will mask individuals with low pathogen concentrations.

Here we propose a more structured approach to GT that straddles the classical Dorf-
man’s scheme and fully quantitative CS approaches. Our SQGT scheme can be seen as
a multi-threshold version of Dorfman’s GT with two independently permuted groups of
samples or a quantized version of adaptive CS (see Fig. 2). More details are provided in
the following subsection.
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Fig. 1 Dorfman’s two-stage GT protocol. The test subjects are randomly partitioned into groups of optimized
size g and tested as a group. All individuals in positive groups are subsequently tested individually. As before,
Ct stands for the cycle threshold value of the group under consideration. Note that this GT protocol only uses

a binary decision variable, yes (1) and no (0), for the case that Ct < rand Ct > t, respectively. The decision
threshold T depends on the protocol used for gPCR

Multiple

tizati
Thresholds Quantization

Semi-Quantitative Compressive
Group Testing Sensing

Fig. 2 Semi-quantitative GT generalizes Dorfman’s GT by using more than one threshold and, like CS, uses
information about the estimate of the total number of infected individuals, but with the numbers quantized
according to predetermined cluster selections

Classical Group

Testing

Semi-quantitative group testing

SQGT is a GT protocol that interprets test results as estimates of the number of
infected individuals in each tested group. Broadly speaking, unlike Dorfman’s GT
which generates binary responses (0, for a noninfected group, and 1 when at least
one infected subject is present in the group, see Fig. 3a), SQGT produces answers of
the form “between x and y infected individuals in the group” (see Fig. 3b). For qPCR
experiments, the range of values for the number of infected individuals in the group
may be estimated from the Ct value of the group.

For a general SQGT scheme, one seeks a collection of > 1 measurement thresh-
olds, such that the outcome of each test is an interval for the possible number of
infected individuals, i.e., the outcome of an SQGT experiment specifies lower and
upper bounds on the number of infected individuals in a group. If the thresholds are
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Fig. 3 GT interpreted through quantitative output quantization. The quantitative output corresponds to the
actual number of infected individuals in a group. In (a), corresponding to Dorfman’s GT, the quantizer maps
all outcomes involving more than one infected individual to a score 1. The score 0 indicates that there are no
infected individuals in the group. In (b), corresponding to a general SQGT scheme, the quantizer is allowed to
map any collection of outcomes to any choices of scores. This implies that the number of possible test results
may be larger than two, but upper bounded by the size of the group g. The simplest version of SQGT based
on a uniform quantizer is depicted in (c)
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Fig.4 An example of gPCR amplification curves and two-threshold (7, T2) SQGT. The two thresholds apply
to Ct values while the actual measurement corresponds to the intersection of the F; line (the fluorescence
threshold) and the amplification curve. For example, the left-most red star indicates the intersection of the
high viral load amplification curve with f; and the corresponding measurement falls into the quantization bin
denoted by $7 =2

consecutive integers covering all possible options for the number of infected individ-
uals in a group, the scheme reduces to additive (quantitative) GT [28, 31] (see Fig. 3c).

Although nonadaptive SQGT has been previously analyzed from an information-the-
oretic perspective [9, 16, 17], practical implementations for adaptive SQGT schemes are
still lacking, especially in the context of qPCR testing. Our approach is the first adap-
tive SQGT scheme that is specifically designed for real-world qPCR testing. It operates
directly on the Ct values and makes use of two thresholds, 71 and 1 (see Fig. 4). This

choice for the number of thresholds balances the ease of implementation of a testing
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scheme in a laboratory with the ability to use the quantitative information from a qPCR
test more efficiently.!

The main idea behind our Ct value-based SQGT approach is to perform a two-stage
SQGT protocol with randomly permuted groups of subjects and risk assessment based
on the Ct values obtained after the first stage. More specifically, the scheme involves the
following three steps:

«+ First, we create two separate, randomly permuted lists of # subjects. Each of these
lists is then evenly divided into groups of a specified size, g, which are subsequently
tested. It's important to underline that the ideal test group size, g, for our methodol-
ogy may differ from that typically utilized in Dorfman’s GT approach.

+ Second, since GT inevitably leads to sample dilution, we adjust the Ct thresholds in
the SQGT scheme to account for this effect. Note that each individual’s sample con-
tributes to two Ct values: one from the group they were initially part of in the first
permuted list, and another from their group in the second permuted list. This dual-
measurement system provides a way for cross-linking the results.

+ Third, we examine the pair of Ct values associated with the individuals to stratify
them into low-risk, medium-risk, and high-risk categories. Based on the risk cate-
gory, the individuals are either immediately declared negative, or tested once again
individually. Although the number of tests performed can be reduced by performing
nonadaptive SQGT testing on all risky subjects (discussed in the Additional file 1:
Section 1.4), for simplicity we opt for individual testing.

Next, we describe our scheme in detail. We consider a population of # individu-
als, arranged into groups of size g, and denote the fraction of infected individuals by
p. Again, we only make use of two quantization thresholds, denoted by 7; and 7. Our
scheme consists of two stages.

In the first stage, we group the patient samples into groups of size g, ensuring that
each individual contributes to two different groups. To achieve this, we use two random
permutations, 71 and my, of the # individuals so that they appear in different random
orders. Subsequently, the ordered lists are split into groups of g consecutive samples
(for simplicity, we assume that # is a multiple of g). The resulting groups are denoted
by 1L ys s y:/fg and ¥{%, %5 % s y:/zg. It is important to note that each individual
belongs to two groups, ¥;"* and yjﬂz withi e {1,...,n/g}and j € {1,...,n/g}, where the
two groups are created based on the two permuted lists. For both collections of groups,
we perform separate qPCR experiments, denoting the outcomes as th‘ and thz,
respectively. Then we quantize the Ct values into bins, and assign the test scores ;' for
groupy, " and S 72 for group yjnz using the threshold rule:

0, ifCt" > 19;
ST={1, ifty <Ct" < 19; 1)
2, if Ct" < 11.

1 We also observe in practice that using more than two thresholds leads to diminishing returns in the number of tests
saved but significantly increasing the complexity of the scheme.
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Fig. 5 Our proposed two-stage SQGT scheme with two thresholds, as described in Eq. 1. The approach is to
run two parallel rounds of Dorfman-like group tests. To assess if the individual marked in orange is infected,
we test them in two different groups, and collect the scores (5™, $2). Based on this pair of scores, we decide
if the individual marked in orange needs to be individually tested or not. See the text for more details

Consequently, each individual is labeled by a pair of test scores (Sfl,S;m), represent-
ing the outcomes of the two group tests (for group y;"' and )/].”2) that the individual is
involved in. We omit the subscripts i and j in the later context for simplicity of notation.

In the second stage, we classify individuals based on their scores (8™, $™2). Individu-
als with scores {(0,0), (0,1), (1,0)} are deemed low-risk and declared negative. In par-
ticular, scores {(0, 1), (1,0)} are declared to correspond to negative subjects because they
were involved in a negative test group (score 0) and intermediate Ct value group (score
1). Subjects with scores {(1,1),(2,1), (1,2),(2,2)} are classified as high-risk and tested
individually in a second stage of tests. For the remaining score pairs, {(2,0), (0,2)}, we
proceed as follows: If the group with score 2 contains another individual with a score in
{(1,2),(2,1), (2,2)}, we classify the first individual as negative; otherwise, we conduct an
individual test. We chose this testing strategy because the scores 0 and 2 indicate two
different test results for the same individual that may have been caused by an error and/
or the presence of other infected individuals in the second pool. To determine whether
the score 0 is due to a false negative result or the score 2 is due to the presence of other
infected individuals in that pool, we need to examine the scores of other participants in
the group who tested (highly) positive. This provides an intuitive motivation for the pro-
posed strategy. Figure 5 illustrates the proposed two-stage SQGT scheme, while Fig. 1
depicts Dorfman’s GT scheme. Additional file 1: Sections 1.2 and 1.3 provide a detailed
mathematical analysis of the various GT schemes discussed.

It is worth noting that conducting individual testing, as in the second stage of our
SQGT scheme for the high-risk group, is suboptimal from the point of minimizing the
number of tests. This issue is not limiting the application of the scheme since one can
use a nonadaptive GT scheme in the second stage, thereby significantly reducing the
number of second-stage tests. Since nonadaptive GT is conceptually more involved and
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harder to implement in practice than the above procedure, pertinent explanations are
delegated to Additional file 1: Section 1.4.

As we will demonstrate in the Results section, the proposed two-stage SQGT
approach offers substantial reductions in the number of tests when compared to Dorf-
man-type tests. It remains to see if the reduction in the number of tests leads to undesir-
able increases in the FNR of the scheme. To address this question, we need to consider
the influence of dilution effects on the test results and how one could adjust quantiza-
tion thresholds to counter these effects.

Dilution effects
In most experiments involving GT, the test samples come in specified unit concentra-
tions that are equal across all test subjects. This means that a group sample involving
g individuals will only use a fraction 1/g of the unit sample from each individual. This
inevitably leads to dilution of the group sample, the level of which depends on the num-
ber of infected individuals in that particular group. When there is only a small number
of infected individuals in the group, the overall viral load of the group sample may be
lower than the detection threshold, thereby leading to highly undesirable false negatives.
False negative rate (FNR) is related to true positive rate (TPR) through FNR = 1 — TPR,
and the TPR function is often referred to as the sensitivity function.

A mathematical model for dilution effects was first proposed in [23], which introduced
a special TPR function TPR(p, g, d) of the form

TPR(p,g,d) = P(test result is declared positive|there is at least 1positive subject in the group)

—pfi-a-p¥]

(2)
Here, p denotes the infection rate, g denotes the group size, and d denotes a parameter
capturing the dilution level. When d = 0, TPR(p,g,0) = 1, indicating that there is no
dilution; when d = 1 and g is large, TPR(p, g, 1) ~ p, indicating that the sample is fully
diluted and that the probability of correctly identifying a defective group is the same as
the infection rate. More details on the TPR model for SQGT can be found in Additional
file 1: Section 1.5.

Although the dilution model (2) is mathematically elegant and tractable for analysis,
it provides a poor match for real-world measurements (see Fig. 6b). A more practical
approach to quantifying dilution effects is to assess how dilution impacts the actual viral
load in a group. The empirical studies [5, 7, 12, 25] consistently point out that the Ct val-
ues of groups tend to be higher than the Ct value of individual tests with high probabil-
ity. This phenomenon is also due to dilution effects. Nevertheless, none of these works
describe how to readjust the Ct value used for declaring positives in the presence of dilu-
tion. In the context of SQGT, this is an even more important issue as the increased Ct
values can lead to degradation in the detection rate as well as a significantly increased
number of measurements. This motivates exploring the relationship between the value
of the Ct threshold used for an individual test and that used for a group test. For the
worst-case scenario when there is only one infected individual in a group of size g, the
group Ct value takes the form
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Fig. 6 FNR estimated from data reported in [5] and different FNR models fitted to the real-world
experimental data. a We count the cases where the group test was positive but all subjects individually tested
negative. The ratio of the number of these “inconsistent”tests and the total number of tests with the same
Ctvalue is denoted as the “inconsistent ratio”. Specifically, we consider the right half of the curve (Ct > 25) to
be caused by the false negative results, which agrees with the intuition that the FNR increases as the Ct value
increases. b We fit the FNR model from Eq. (4), and the ones from [23, 27] to the real-world experimental data.
As it is apparent, the black and purple lines provide a poor fit to the data while our model (green line) with
parameters (a = 36.9,b = 2.145) represents a significantly more accurate fit

Ct = —Mlog,,(v/g) + B @
—Mlog,,(v) + B + Mlog,(g),

where v denotes the viral load of the infected individual, and M and B are positive values
denoting the slope and the intercept for the PCR calibration curve [25]. The exact values
of M and B need to be estimated from the experimental data. Equation (3) characterizes
the relationship between the viral load and the Ct value, and it implies that compared to
individual testing, the group Ct value will be higher by M log;,(g). The implication of
this observation is that for GT, we need to increase the Ct thresholds by M log;,(g).

Elaborate regression models for dilution effects rely on knowledge of the underlying
distribution of viral loads for positive and negative individuals [29]. In the absence of
robust estimates for these distributions, we use a model that utilizes PCR calibration
curves instead [25]

Controlling and modelling FNRs of PCR tests

In order to quantify the trade-off between the FNR and the reduction in the number of
group tests when using the proposed SQGT scheme, we express the FNR, an important
metric with respect to test accuracy, as a function of the Ct value. For this purpose, we
use the large-scale real-world GT dataset [5]. Our FNR model is based on the following

“sigmoid” function,

1
ENR(Ct) = {1 +exp (“ _th)] , (4)

where a, b are two tunable parameters that can be used to fit the measured/estimated
FNRs. Note that similar ideas were also discussed in [27]; however, as may be seen from
Fig. 6b, the FNR function (a = 35.8,b = 0.08) proposed in [27] significantly deviates
from real-world experimental data.

Page 9 of 18
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In practice, the values of FNRs are hard to estimate as this requires multiple tests of the
same individual. In the GT context, there are two ways to estimate FNRs. The direct sce-
nario is to compute FNRs by counting the instances when a group test was negative but
at least one member from that group tested positive. However, in all experimental veri-
fication of GT protocols, individuals whose group tested negative are eliminated from
future retesting. This renders the direct approach impossible to pursue in practice. The
indirect approach is to count the cases where the group test was positive but all subjects
individually tested negative. In this work, we follow the second approach to estimate the
ENRs. The ratio of the number of these “inconsistent” tests and the total number of tests
with the same Ct value is shown in Fig. 6a. Note that these results can correspond to
either a false positive for the group test, or a false negative for one or more of the indi-
vidual tests. Here we consider the right half of the curve (Ct > 25) to be caused by the
false negative results, which agrees with the intuition that the FNR increases as the Ct
value increases. Our fitted FNR curve is shown in Fig. 6b, along with the estimated FNR
curve from experimental results, and the models from [23, 27]. As it is apparent, the lat-
ter provides a poor fit to the data while our model with parameters (¢ = 36.9, b = 2.145)
represents a significantly more accurate fit.

The FNR shown in Fig. 6 corresponds to individual tests, for which we do not know
the correct Ct values. Therefore, we shift the group test Ct values by M log;,(g) = 2.895
in Eq. (3) to estimate the individual Ct values. A detailed discussion of the data process-
ing and FNR estimation pipeline is included in the “Methods” section.

Case study of the SQGT protocol applied to COVID-19 data

While the SQGT framework is broadly applicable to PCR-based pathogen screening,
general data is usually limited for pathogens other than SARS-CoV-2. The COVID-19
pandemic has resulted in an unprecedented amount of publicly available qPCR test data,
which motivates testing our SQGT framework on real-world SARS-CoV-2 data. Our
reported results pertain to a set of 133, 816 SARS-CoV-2 Ct values of qPCR tests per-
formed in Israel between April and September 2020 as reported in [5]. This dataset is
unique in so far that it reports the Ct values of group tests along with the Ct values of
individual tests for subjects involved in positive group tests. Since both test results are
needed for our analysis and modeling, it is the only currently available dataset for a study
of this type. To explore a range of different infection scenarios without performing addi-
tional experiments, we simulated populations of 10,000 individuals of which a fraction
p € {0.02,0.05, 0.1} was infected by the virus. The Ct values of the infected individuals
were randomly sampled from the real-world dataset of [5], and converted into estimated
viral loads using Eq. 5 (see also the “Methods” section). The viral loads of uninfected
individuals were set to 0.

Following the SQGT scheme of Fig. 5, samples are partitioned into groups of g indi-
viduals whose viral loads were subsequently averaged and converted to Ct values as
described in the “Methods” section (Eq. 6). Following standard diagnostic procedures,
individuals were declared negative if their Ct values exceeded a threshold (in our case,
set to 37 as suggested in [22]).

To analyze the magnitude of the savings in the number of tests required for the GT
scheme compared to individual screening, independent of PCR assay noise, we ran
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both Dorfman’s GT and SQGT on the model data. The tests were performed under
the assumption that qPCR assays are error-free. Additional file 1: Figure 1 shows these
results for all three infection rates p. We performed a sweep of group sizes g for each
value of p to identify their optimal values. While both GT schemes require significantly
fewer than the 10, 000 tests needed for individual testing, SQGT consistently outper-
forms Dorfman’s GT for all three infection rate levels. In addition, Additional file 1:
Figure 1 shows that the group-dependent thresholds help to avoid false negatives that
would have occurred due to dilution effects, as expected.

However, as noted in the previous section, qPCR assays are not error-free in practice,
and as a result, the false negatives in GT schemes could be due to either dilution effects
or qPCR noise. Therefore, we incorporated qPCR noise into our model to make it more
realistic. This was done by including the empirically fitted FNR in Fig. 6 into the PCR
assays in our model (see the “Methods” section for details). Figure 7 shows that while
the noise has very limited effects on the number of tests required by each GT scheme, it
does have the expected effect of increasing the FNR of both individual and group tests.
For individual testing, the noise function we fit appears to correspond to an FNR of just
under 0.05, which is comparable to the empirically determined values reported in [30]
and [32]. The FNR values of both GT schemes are also consistently slightly higher than
those of individual testing. To compare the FNR of SQGT and Dorfman’s GT, we first
identify the optimal group size for each scheme by picking the value g for which the
scheme requires the least number of tests. When p = 0.02, the optimal value of g for
SQGT was 15 with an average of 1989.8 tests required; at the same time, Dorfman’s GT
required 2623.6 tests for an optimal group size g = 8. These optimal group sizes cor-
respond to FNRs of about 0.0946 for SQGT and 0.0784 for Dorfman’s GT, respectively.
When the infection rate is increased to 0.05, the optimal group sizes are smaller, with
g =12 and g =5 for SQGT and Dorfman’s GT, respectively. These group sizes corre-
spond to 3651.7 tests with an FNR of 0.851 for SQGT and 4082.6 tests with an FNR of
0.726 for Dorfman’s GT. Finally, at p = 0.1 the optimal group size for SQGT was identi-
fied as g = 8, with 5, 542.2 tests and an FNR of 0.815, while for Dorfman’s GT the results
indicated g = 5, with 5798.0 tests and an FNR of 0.703. The observed trend is that SQGT
offers savings in the number of tests at the expense of a slight increase in FNR. It should
also be noted that this increase is often within the error-bounds of the FNRs.

In addition, we tested a modified version of SQGT where individuals with a (2, 0) or
(0, 2) result are declared negative without further testing. As shown in Fig. 7, this version
of the SQGT method performs similarly to the regular SQGT. To investigate the reason
behind this finding, we plotted the number of individuals for each possible outcome of
the SQGT scheme for an infection rate of 0.04 and the corresponding optimal group
size g = 12. As can be seen in Fig. 8, the (2, 0) and (0, 2) test results consist only of unin-
fected individuals. Therefore, it makes sense that declaring them negative without fur-
ther testing has no effect on the FNR. For a mathematical analysis of the phenomena and
related GT models, the reader is referred to Additional file 1: Section 1.2.

Finally, we examined how the number of tests required for the optimal group size var-
ies over a wider range of infection rates, as shown in Fig. 9, alongside the correspond-
ing FNRs. The figure shows that as the infection rate increases, the number of tests
required for both GT schemes increases and the advantage of GT over individual testing
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Fig. 7 The number of tests used and the FNRs of the SQGT protocol (blue), Dorfman’s GT (orange), and
individual testing (red) for infection rates p € {0.02,0.05,0.1}. The dashed lines show the number of tests

and FNRs for the optimal group size (i.e,, the group size that minimizes the number of tests needed) for each
scheme. The optimal group size is strongly influenced by the scheme used for testing, and one cannot expect
the same group size to be optimal for Dorfman’s scheme and the proposed SQGT scheme
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Fig. 9 The optimal number of tests used in Dorfman’s GT (orange) and SQGT (blue) versus the infection
rate, p (left panel), and the corresponding FNRs (right panel). Optimal refers to the smallest number of tests
possible under all possible choices of group sizes g

decreases. This is a property that has been already established in the past for Dorfman’s
scheme [14]. The values of the parameter p are chosen to reflect the different infection
rates observed during the Covid-19 pandemics. For values of p greater than 0.38, the
most effective (non-adaptive) testing method is individual testing. In general, the larger
the value of p, the smaller the savings in the number of tests compared to individual
screening In addition, the figure shows that SQGT for PCR screening always saves more
tests than Dorfman’s scheme with only a small increase in FNR (within the margin of
error of Dorfman’s FNR). We repeated this experiment with viral loads drawn from a dif-
ferent dataset by [25] and obtained similar results as shown in Additional file 1: Figure 2.

Discussion

We introduced the concept of Semi-Quantitative Group Testing (SQGT) as an
extension of traditional GT methods, with a specific focus on qPCR-based path-
ogen screening. GT methods, in their classical form, are based on binary test out-
comes (positive or negative) and are effective for identifying infected individuals in
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a cost-efficient manner. However, they fail to utilize the full quantitative information
provided by qPCR assays, which can lead to suboptimal performance in scenarios
with widely varying pathogen concentrations.

SQGT addresses this limitation by interpreting test results as estimates of the num-
ber of infected individuals in each group. The proposed SQGT scheme utilizes two
quantization thresholds to categorize qPCR results into different risk categories,
allowing for a more refined analysis of the infection status within each group. By
employing random permutations and two-stage testing, SQGT can reduce the num-
ber of tests needed while still maintaining a high level of test accuracy.

The study also addressed the issue of dilution effects in GT protocols, which can
lead to false negatives in qPCR-based testing. To mitigate this problem, we incorpo-
rated group size-dependent thresholds in the SQGT framework, adjusting for the
dilution effect and improving the overall accuracy of the test results.

Through extensive simulations and analysis using real-world qPCR data from SARS-
CoV-2 testing, we demonstrated that SQGT outperforms traditional GT schemes
(such as Dorfman’s GT) in terms of test efficiency while maintaining a comparable or
slightly higher FNR. For example, for a population infection rate of p = 0.02, our con-
ceptually simple SQGT method uses 24% fewer tests than the binary outcome Dorf-
man’s GT method, while maintaining a negligible FNR compared to qPCR noise. In
conclusion, SQGT provides substantial reductions in the number of tests required for
pathogen screening, making it a promising approach for large-scale population test-
ing, especially during pandemics or outbreaks.

It is important to note that the proposed SQGT scheme is tailored specifically for
qPCR testing and it involves two stages of testing, as originally suggested by Dorf-
man’s scheme. The two stages are crucial for adaptive screening which informs the
tests in the second stage based on the results in the first stage. Nonadaptive test-
ing scheme, on the other hand, would result in potentially smaller delays of the test
results but would require significantly more tests. They are also often too complicated
to implement in practice as they require combinatorial sample mixing and decoding.

Additionally, our studies were performed under two assumptions, error-free gqPCR
assays, and qPCR assays with a sigmoidal model of false negatives as a function of
Ct values. The incorporation of qPCR assay noise into the simulations led to a slight
increase in FNRs, highlighting the need for careful consideration of assay accuracy for
a broader range of practical pathogen detection schemes.

For other pathogens and datasets, our SQGT scheme can be modified as needed by
combining adaptive and nonadaptive test schemes, including more than two thresh-
olds, and integrating a specialized technique for identifying “heavy hitters” (i.e., indi-
viduals with very high viral loads). These approaches are mathematically analyzed in
the Additional file 1: Section 1.3.

An alternative approach to our choice of permutations for the first stage of the
SQGT scheme is to use combinatorial designs [10], which would ensure that no two
individuals participate in more than one test group together. We choose random per-
mutations because they allow for tractable mathematical analysis (see Additional
file 1). Another approach could be to use array-based sample pooling [26]. In this
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setting, group sizes are limited to a value that is suboptimal for Dorfman’s scheme
and its modifications, especially in the presence of dilution effects.

Methods

Data

The real-world COVID-19 GT data [5] used in this paper contains 133, 816 samples col-
lected between April and September 2020 in Israel and tested experimentally via Dorfman’s
pooling. The original data contains the following information for each individual sample:

« Sample id: A unique id for tracking the sample;

« Month: Information about the month when the sample is collected;

+ Group id: An id indicating which group an individual sample belongs to in the test
scheme. Samples within the same group share the same group id, and the test groups
are of size 5 and &;

+ Result: Final test result for a sample (positive/negative);

« Sample viral Ct: Ct value of an individual test. Note that this value is not available when
the group test involving the sample is negative;

+ Group viral Ct: Ct value of the group to which the individual sample belongs to;

+ Sample human Ct: Ct value of an individual test for amplifying the human ERV-3 [34]
gene. This Ct value lying below a predetermined threshold serves as an internal control
for whether a test was successful or not;

+ Group human Ct: Ct value of the group test used for amplifying the human ERV-3 gene.

As pointed out in the Results section, there are some experimental inconsistencies between
the results of the group tests and the individual tests. Specifically, in 70 out of 1887 posi-
tive tests, the results of the group tests were positive while all individuals within the groups
tested negative. These results can be explained as false positives for the group test, or as
false negatives for the individual tests. We used this information to model the FNR of the
dataset as described in our Results section. Note that for simplicity we assume that there
is only one positive individual sample within the group when a false negative result is
recorded, as this is the most probable scenario. We hence use (Group test Ct — M log;,(g))
as the estimated Ct value for the individual test in the presence of a false negative, where
g as before denotes the group size, while M log;,(g) = 2.895. Our fitted model shown in
Fig. 6a is obtained through the MATLAB fit function.

Modelling COVID-19 group testing schemes
Modelling PCR tests
When modelling an individual test, individual i with a viral load v; will have

Ct; = —Mlog,,(v;) + B. (5)

The values for M and B are set based on a previously established calibration curve [25].
Then given a threshold Ct;, an individual i is considered positive for the virus if Ct; < 1.
In our simulations we use 1;, = 36.
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To model a pooled test, the viral loads of individuals in a group are averaged and
plugged into Eq. 6 to determine the Ct for the group. That is, for group j with indi-
viduals {1, 2, ..., g}

4
1
Ctj = —Mlog,, (g Z V,',') + B. (6)
i=1

These group Cts can then be used for different GT schemes as described in the “Algo-
rithms and results” section.

Including PCR noise into models
Since PCR tests are not error-free, we also include some noise into the tests based on
the FNR function

-1
FNR(Ct) = {1 +exp (“ _th)] , (7)

where b is empirically determined to be 2.145 as discussed in the “Algorithms and
results” section and a is the threshold used for the PCR test. To include this noise into
our PCR simulations, we use the following procedure:

if test is individual then

Ct — —Mlog;,(v;) + B
else

Ct — —Mloglo(é )y
end if
result < Scheme(Ct)
if truth == positive then

if Bernoulli(p = FNR(Ct)) then

result «<— negative

end if

end if

1 ’()]‘i) + B.

First, the Ct value of a test is calculated using Eq. 5 or 6. If the ground truth of the
test is that it is positive, it is converted into a negative (no infected individuals) with
probability FNR(Ct). Otherwise, the result of the test is left as determined by the test-

ing scheme.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/512859-024-05798-3.

Additional file 1. The Supplementary Information file includes a supplementary figure showing results from error-
free PCR simulations and the formal analysis performed in this study.
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