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Abstract
Background  Sample pooling is a critical strategy to meet increased testing demand and conserve resources in 
surveillance testing. Much of its effectiveness depends on how well optimized the pool size is to the prevalence of 
infection in the sampled population, which can be difficult to anticipate in many circumstances. Multiple methods 
exist to better optimize pooling, with unique trade-offs.

Methods  Pooling optimization methods were simulated to examine trade-offs between surveillance priorities 
and operational characteristics using SARS-CoV-2 surveillance data and workflows generated by the Virginia Tech 
Molecular Diagnostics Laboratory under varying capacity conditions. All in-house validation procedures were 
designed and established exclusively under CLIA to ensure full control of the analytical framework and to accurately 
reflect true capacity constraints. We used binary surveillance data to run Monte Carlo simulations (MCS) comparing 
conservative and large fixed pools, historical prevalence optimization (HPO), prevalence estimation testing (PET), truly 
optimized pooling, and individual testing. Median test counts from the MCS fed a discrete-event simulation (DES) 
that assessed processing time at different lab capacities under surveillance and outbreak conditions. We then used 
the combined performance results to build a classification tree to guide method selection under different testing 
priorities and constraints.

Results  MCS results indicated that small pools (4 samples), HPO, and PET resulted in test counts that were not 
statistically different from truly optimized pooling (p > 0.05). The DES showed that pooling methods generally 
performed comparably to individual testing in processing time at low laboratory capacity, but individual testing 
became faster as capacity increased. Across capacity conditions, individual testing processed fewer than 500 daily 
samples more quickly, yet it demanded more hands-on time than pooling. Large-scale surveillance favored pooled 
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Introduction
To respond to infectious disease in both human and ani-
mal populations, laboratories must be capable of meeting 
large testing demands for both clinical and surveillance 
samples according to the needs of the target population 
[1]. Several hurdles can complicate a laboratory’s ability 
to meet high testing demands in a timely manner, includ-
ing resource shortages, staffing, and equipment, as was 
the case during the coronavirus disease 2019 (COVID-
19) pandemic [2]. Surveillance testing can be a signifi-
cant burden on laboratory personnel and resources, as it 
requires a large number of samples to be tested to iden-
tify asymptomatic carriers, often when prevalence is low 
[3]. One strategy to enhance testing capacity and con-
serve resources when prevalence is low is sample pooling 
[4–6]. In two-stage hierarchical sample pooling, por-
tions of specimen are combined and tested as a group, 
with only samples from groups that test positive requir-
ing individual re-testing [7]. When pooled samples test 
negative, testing of the individual samples is not required, 
enabling more samples to be screened while reducing 
the number of tests performed and conserving resources 
[5, 6, 8–11]. To ensure diagnostic accuracy, the range of 
possible pool sizes (i.e., number of samples per pool) is 
determined through dilution studies to identify the larg-
est pool size that maintains an acceptable sensitivity for 
the target pathogen and minimizes the risk of false nega-
tives [12–17]. Once the range of pool sizes is identified, 
the efficiency of pooling is contingent upon optimization 
of the applied pool size to the prevalence of infection in 
the target population [18, 19]. While optimal pool size 
for the population can be calculated when prevalence is 
known, it is frequently unknown and may be difficult to 
predict [20].

Several methods can be applied to optimize the pool 
size for a given surveillance population when prevalence 
is unknown. Different pooling optimization methods 
present different trade-offs for surveillance programs 
[21]. Fixed pooling, which applies a uniform pool size to 
all non-clinical submissions, is operationally simple but 
frequently suboptimal for the prevalence of the sampled 
population [20]. Historical prevalence-based pooling 
allows for more targeted optimization by tailoring pool 

size to previous infection rates in specific populations. 
However, this approach assumes that past prevalence 
accurately reflects current trends; an assumption that 
may not always be the case depending on the surveillance 
population and infection dynamics of the target patho-
gen [22]. Prevalence estimation testing (PET), in which 
a subsampling of a submission is tested to estimate cur-
rent prevalence and determine optimal pool size, offers 
the most precise strategy in settings with unpredictable 
prevalence [21]. However, PET introduces an additional 
round of testing, adding to sample processing time [23]. 
Given the trade-offs of each method, a clearer under-
standing of how these strategies align with specific sur-
veillance program goals and operational constrains could 
substantially enhance testing efficiency [24].

In this study, we simulate these optimization methods 
using SARS-CoV-2 surveillance data generated by the 
Molecular Diagnostics Laboratory (MDL) at the Fra-
lin Biomedical Institute at Virginia Tech [25]. The MDL 
was established in the Spring of 2020 in response to an 
urgent need for SARS-CoV-2 diagnostics and served as 
the primary testing hub for southwestern Virginia as a 
CLIA-accredited member of Virginia’s OneLab program 
[25]. During the pandemic, the MDL rapidly scaled-up 
from minimal staff and equipment to full operational 
capacity, maintaining testing operations despite short-
ages of reagents and supplies, surges in case numbers, 
outbreaks, and large-scale surveillance events. This con-
tinuous operation generated a diverse dataset that cov-
ers a wide range of testing scenarios. We used historical 
data from July 2020 through October 2021, capturing 
both the laboratory scale-up and the height of the pan-
demic, to run Monte Carlo (MCS) and Discrete Event 
(DES) simulations of multiple pooling optimization strat-
egies. These simulations evaluated which methods were 
most compatible with the shifting demands of surveil-
lance programs under constraints such as supply short-
ages, outbreak conditions, and variable testing capacity. 
We then developed machine learning models to analyze 
how changing priorities (e.g., faster processing, resource 
conservation, reduced hands-on processing, etc.) would 
indicate when a shift in pooling strategy could improve 
testing efficiency. This study is a continuation of previous 

methods, which were quicker under most conditions, while outbreak scenarios often favored individual testing when 
capacity wasn’t highly limited. Machine learning analysis highlighted surveillance priorities and sample intake as key 
determinants in selecting the best pooling optimization method for the given circumstance.

Conclusion  This study demonstrates the importance of maintaining multiple pooling optimization approaches and 
adapting strategies to match evolving demands and potential constraints in surveillance testing.

Clinical trial number  Not applicable.

Keywords  Surveillance testing, Pooling optimization, Processing time, Resource conservation, Testing capacity, SARS-
CoV-2, COVID-19
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work using simulations to better define pooling strategies 
when prevalence is difficult to anticipate [23], and when 
infection dynamics differ [21], by investigating the pro-
cessing time of different pooling strategies under variable 
laboratory capacity.

Understanding the trade-offs among these optimiza-
tion methods, particularly how their performance holds 
up under different testing volumes and prevalence levels 
and aligning them with surveillance priorities is essential 
to designing effective testing strategies. By systematically 
assessing each method’s relative performance under vari-
ous conditions and shifting programmatic priorities, lab-
oratories can more effectively anticipate and meet testing 
challenges.

Materials and methods
Data collection, submission categorization, and pooling 
criteria
Historical data from July 2020 to October 2021 consisted 
of the number of samples submitted each day from a 
given source (e.g., Virginia Department of Health, school, 
private practice, nursing homes, public screening facili-
ties, etc.) and their results. All data was de-identified. 
In this study, sample submissions were determined by 
their listed source as either being clinical, where preva-
lence would be suspected to be too high to pool samples, 
resulting in a high number of positive pools requiring 
individual re-tests (i.e., doctors’ offices, detention cen-
ters, hospitals), or surveillance, where a low prevalence 
would typically be expected, and applying sample pool-
ing would be assumed to be an economical strategy (i.e. 
public screening events, health department surveillance, 
etc.). Surveillance submissions were considered able to be 
pooled if they were submitted by a health department as 
general public testing or another surveillance source, with 
no recorded indications to suggest a high prevalence. 
Additionally, to be pooled in this simulation submissions 
had to contain at least 24 samples, to meet the minimum 
threshold required for the prevalence estimation opti-
mization method described below and to minimize the 
risk of pooling small, high prevalence submissions that 
did not indicate the presence of clinical samples. When 
more detailed source information was available (e.g., spe-
cific county/town within a health district), samples were 
grouped according to the most specific source designa-
tion to determine historical prevalence. Each pooled sub-
mission (n = 544) was optimized individually. All clinical 
submissions and surveillance submissions containing less 
than 24 samples were treated as not able to be pooled and 
were excluded from the MCS but were added back into 
daily testing totals for the processing time DES.

Daily intake (DI) was determined for each date by 
adding the total number of surveillance samples (SS) 
to the total number of clinical samples (CS) received 

on each day, and prevalence (P) was determined for 
daily totals as well as each surveillance submission by 

P = # positive samples

# total samples
∗ 100% .

Laboratory workflow
The simulated laboratory workflow was modeled after 
that of the MDL, with approximate duration for each 
station and the maximum number of sample plates that 
can be processed in parallel as programmed in the DES 
(Fig. 1) and as described in [25]. A plate containing forty 
individual or pooled samples at a time were processed 
through neutralization, RNA extraction, and RT-qPCR 
amplification [25]. Staffing and equipment levels (under-
staffed, medium, and fully staffed/equipped) were deter-
mined based on the laboratory’s scale-up phases from its 
initial inception early in the COVID-19 pandemic to its 
maximum capacity in 2021.

Pooling optimization methods
Pooling methods were simulated as previously described 
with some modifications [21]. The true optimal pool size 
(tOPS) for each submission (n = 544) was simulated to 
determine the maximum savings achievable through 
pooling to compare to pooling methods that seek to 
approximate optimal pooling in the real-world scenario 
where prevalence is unknown. The tOPS for each sub-
mission was determined using the binGroup2 R package 
[26]. A theoretical pool range of 3–20 samples with a sen-
sitivity of 0.95 and specificity of 1 for both pooling stages 
was used [25]. True prevalence (tP) was used as the prob-
ability for testing positive to calculate tOPS. A tOPS of 1 
was assigned to any submission where tP exceeded 33%, 
as pooling was no longer economical above this thresh-
old, as determined by the estimated tests per individual 
value generated by the binGroup2 package [26, 27]. All 
samples in pools that test positive were counted for indi-
vidual re-testing (all pooling methods). Additionally, 
individual testing was also simulated to determine how 
each method compared to no pooling being applied to a 
submission. Four different pooling methods were simu-
lated on data to compare performance of each method to 
unpooled individual testing, and tOPS pooling (Table 1).

1)	 Fixed conservative pooling

Pools of four samples was universally applied to all sur-
veillance submissions with any remaining samples 
combined into one smaller pool. This method is the 
laboratory-validated and Emergency Use Authorization-
approved pooling protocol for the MDL that was applied 
to the initial testing of any pooled samples during the 
sampling period [25].
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2)	 Fixed maximal pooling

To test an expanded theoretical pooling range, a larger 
pool size of 20 samples was universally applied to all sur-
veillance submissions with any remaining samples com-
bined into one smaller pool.

3)	 Historical prevalence optimization (HPO)

Historical prevalence (hP) at the time of each submission 
was determined by calculating the average tP of all pre-
ceding submission from a given sample source. hP was 
used in place of tP to calculate an estimated OPS (eOPS) 
as described above using the binGroup2 R package [26].

4)	 Prevalence estimation testing (PET)

For each surveillance submission, 25% of samples were 
randomly selected to test in pools of three to calculate 
an estimated prevalence (eP) using the Ausvet Epitools 
Pooled Prevalence calculator [28], which was used in 
place of tP as described above to calculate an eOPS using 
the binGroup2 package [23]. The eOPS was then applied 
to all remaining samples [23].

Monte Carlo simulation: pooled testing of surveillance 
submissions
A MCS was used to determine the number of tests 
required to complete each surveillance submission (n 
= 544) using each optimization method. Simulations 
were carried out as previously described, with some 

Table 1  Pooling optimization methods simulated to determine 
relative performance to tOPS pooling and individual testing
Method Description Pool-

ing 
range

Fixed 
conservative

One small pool size is applied to all samples. 4

Fixed maximal The largest possible pool size is applied to 
all samples.

20

HPO hP used to calculate eOPS from the pooling 
range.

*1, 
3–20

PET 25% of submission randomly tested to calcu-
late eP and eOPS.

*1, 
3–20

tOPS tOPS of each submission is applied to com-
pare each method to true optimal pooling.

*1, 
3–20

Individual All samples tested individually. NA
*Methods allow for the use of individual testing (pool size = 1) depending on 
optimization results

Fig. 1  Laboratory workflow simulated across varying testing capacity levels depending on available staffing and equipment. The approximate duration 
of each station was experimentally estimated and shown as it was written into the simulation. Staffing levels were defined by the number of technicians 
assigned to each station and the maximum number of plates each technician could process simultaneously. Staffing reflects only personnel directly 
involved in sample processing and does not account for additional staff responsible for crucial supporting roles (e.g., kit preparation personnel, adminis-
trative roles, record keeping, etc.). Time spent where only fully automated processing was underway was totaled to determine the amount of “hands-off” 
processing time. Workflow, capacity, equipment levels, and station durations were used as described above to design the processing time discrete event 
simulation (DES).
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modifications [21]. Briefly, results for each surveillance 
submission were converted into a binary data frame (1 = 
positive, 0 = negative). Ambiguous samples were treated 
as positives (1), as they could cause a pool to test posi-
tive, while invalid samples were count as negatives (0), as 
they still contribute to the test count but would likely not 
result in a positive pool. Sample order was randomized, 
and pooling was applied as described for each method 
including all required eP, hP, eOPS/tOPS calculations 
along with references of Epitools eP calculations. When 
the OPS exceeded the number of remaining samples, 
those samples were grouped into a single remainder pool. 
Each binary data frame was grouped into pools according 
to each method, and the data was parsed for 1s. When a 1 
was found in a pool, all samples in the pool were counted 
as requiring individual re-testing. Test counts were 
recorded in four categories to later serve as inputs for the 
processing time DES:

1.	 Class (1) PET pools (nPET): number of PET pools, 
only present in PET-optimized methods.

2.	 Class (2) Group testing pools (B): number of pools 
tested using each method’s OPS.

3.	 Class (3) Pooled individual re-tests (RT): 
RT = (p ∗ k) + (pR ∗ R) where pool size = k, the 
number of positive pools = p, the number of positive 
remainder pools = pR, and the number of remaining 
samples = R. Additionally, RT from nPET was 
calculated separately as RT (PET ) = (p ∗ k) where 
k always equals 3. RT and RT(PET) were combined 
for PET methods.

4.	 Class (4) Individual tests (I): When PET, HPO, or 
tOPS optimization identified a submission that 
should not be pooled (when tP, eP, or hP > 33%), 
I = ks for HPO and tOPS methods, and 
I = ks − nPET − RT (PET ) for PET, where the 
number of samples in a submission = ks. When only 
one sample remained after pooling a submission, that 
sample was also counted as class 4. For the individual 
testing method, all samples were counted as class 4.

Test count (TC) required for each pooling submission 
were determined for all fixed, HPO, and tOPS methods 
as:

	 TC = B + RT + I � (1)

And for PET, TC was determined by:

	 TC (PET ) = nPET + B + RT + I � (2)

Percent tests saved (TS) for each surveillance submission 
was determined by

	
TS = (ks − TC)

ks
∗ 100%

Randomized re-sampling of each binary dataset was 
repeated 1,000 times, and testing was simulated on 
each re-sampling using all pooling methods. The mean, 
median, and standard deviation of each submission’s 
1,000 re-samplings was calculated. The median TC for 
sample classes 1–4 from each submission was used as 
input for the processing time simulation, with clinical 
samples and surveillance submissions with less than 24 
samples re-introduced for each day as class 4 samples.

Discrete event simulation: daily sample processing time
To determine daily processing time for each pooling 
method under different laboratory capacity conditions, 
a Discrete Event Simulation (DES) was written to repli-
cate the sample processing workflow (Fig.  1). Resulting 
median test counts from the MCS of each surveillance 
submission received on the same date were combined for 
like optimization methods. Clinical sample intake and 
surveillance submissions of less than 24 samples were 
added to each day’s total daily test count as class 4 sam-
ples. Simulated plates containing 40 samples (individual 
or pools) were prioritized according to class. Class 1 sam-
ples (PET method only) were always processed first, and 
class 2 samples could not enter processing until all class 
1 samples were completed. When class 1 was not present 
(fixed, HPO, and tOPS methods), class 2 samples were 
tested first. Class 3 samples were not processed until 
all class 2 samples had finished. Class 4 samples had no 
restriction on when they entered processing and could 
be added to plates partially filled by other sample classes, 
with higher priority classes added to the earliest available 
plate once they entered processing.

Each plate was passed through the DES model of lab-
oratory workflow described in Fig.  1. The simulation 
iterated through steps in 5-minute increments, moving 
plates into available stations, holding them for the desig-
nated processing time, and transferring them to the next 
station or queuing them if the station was at capacity. 
Plate processing was constrained by the number of plates 
each station can process simultaneously due to differ-
ent testing capacity conditions (staffing and equipment) 
(Fig. 1).

The processing time per plate (Tplate), and total 
daily processing time of all samples (Ttotal) were 
recorded. Additionally, time during which only the 
fully automated PCR reaction was processing (Fig.  1) 
was counted (TPCR) and considered completely 
hands-off. The percent of processing time requir-
ing at least one technician (Thands−on) was calculated as 

Thands−on = Ttotal−TP CR

Ttotal
∗ 100%. Simulations were 
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performed for four different testing capacity scenarios: 
Understaffed + under-equipped, understaffed + medium 
equipped, fully staffed + under-equipped, and fully 
staffed + fully-equipped (Fig. 1). The fully equipped con-
dition was only simulated with full staffing, as it would 
not be possible under limited staffing.

Day dependent processing: large scale surveillance and 
outbreak examples
To see how daily processing time affects processing of 
consecutive days, a modification of the DES was run 
that determined processing time as being day-dependent 
within a weeklong increment. Two weeks were selected 
to represent common testing scenarios:

1.	 Large-scale surveillance event: High surveillance 
volumes with low prevalence were received. Weekly 
intake consisted of 6,963 surveillance samples with 
a prevalence of 1.1%, and the addition of 197 more 
clinical samples.

2.	 Outbreak event: Moderately elevated surveillance 
volumes with a higher prevalence than average 
were received. Weekly intake consisted of 1,135 
surveillance samples with a prevalence of 9.0%, and 
the addition of 1,350 clinical samples.

The DES was executed as described above, with the addi-
tional parameter that every 24 simulated hours, the next 
day’s test count was converted into plates and added to 
the existing sample processing queue, behind any unpro-
cessed samples carried over from the previous day. Daily 
surveillance intake was used to determine the number 
of samples that completed testing at each pooling stage. 
For pooling classes (1 and 2), processing time was calcu-
lated as the total time required to complete all samples 
within negative pools, since RT could not be definitively 
assigned to specific positive pools and Tplate. For class 3 
and 4, Tplate was used to track individual sample comple-
tion, as no further processing was required.

Statistical analysis
Statistical significance between pooling methods for both 
TC and TS was determined by one-way ANOVA and 
Tukey HSD post-hoc testing, with an adjusted p-value < 
0.05 considered significant. A generalized additive model 
(GAM) [29] was applied to TS versus submission preva-
lence to predict at what prevalence optimization meth-
ods become costly. MCS and all analysis were conducted 
using R [30] in RStudio [31] and packages within Tidy-
verse [32], Dplyr [33], and Plyr [34]. The DES was carried 
out using Python (v3.9) [35–37]. Figures were generated 
using R packages ggplot2 [38], scales [39], and RColor-
Brewer [40].

Classification trees: method selection under varying 
circumstances
A classification tree was generated to determine rela-
tionships between testing conditions with method 
performance under different surveillance priorities. 
Three common priorities were investigated: (1) reduc-
ing required tests (TS), (2) reducing hands-on time 
(Thands−on), and (3) reducing processing time (Ttotal). The 
response of the classification tree was the method that 
achieved the best outcome for the given priority. The best 
method under each condition was determined for the 
three priorities by identifying which method on a given 
day and capacity condition resulted in either the great-
est TS, the lowest Thands−on, or the lowest Ttotal. When 
multiple methods performed equally well for a given day, 
capacity, and priority, the entry was duplicated for each 
method. In total, 6500 entries were compiled and split 
80% into a training dataset (n = 5200) and 20% into a 
testing dataset (n = 1300). For each day in the sampling 
period, the daily sample intake, staffing levels, equip-
ment levels, and priority were used as predictor variables. 
Training data was used to generate a classification tree 
via cost complexity pruning using the rpart package [41], 
and plotted with rpart.plot [42].

Performance of the resulting classification was evalu-
ated by generating a random forest using the same 
response and predictor variables over 500 trees with the 
training data. The model was assessed by out of bag error 
(OOB) and variable importance was measured using Gini 
importance. The resulting model was applied to the test-
ing data to determine model accuracy. Random forests 
were generated using the randomForest R package [43].

Results
Historical data of the selected sampling period
Historical data consisted of sample submissions collected 
from July 27, 2020 to October 29, 2021, totaling 142,686 
samples (Fig. 2A). Of these, 544 submissions from 15 dif-
ferent sources were identified as able to be pooled and 
were used in the pooled testing MCS (Fig.  2B), with all 
excluded submissions being reintroduced for the process-
ing time DES. The average prevalence was 4.9% for sur-
veillance submissions, with an average ks of 193 samples.

Pooled surveillance testing MCS
For all 105,024 surveillance samples, each pooling 
method reduced the number of required tests by at 
least 58% or greater compared to individual testing 
(Table  2). All pooling methods reduced the number of 
tests required despite increases in sample intake, which 
required equivalent increase when individually testing 
(Fig.  3A). Over the 544 surveillance submissions, HPO, 
PET, and fixed conservative pooling methods showed no 
statistically significant difference from tOPS pooling in 
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TC (Table 2). HPO was the only method not statistically 
different from tOPS in TS over the total sampling period 
(Table  2). TS decreased as prevalence within a submis-
sion increased, with pooling transitioning from reducing 

required tests to costing additional tests compared to 
individual testing, which yields 0% TS regardless of prev-
alence (Fig.  3B). Fixed maximal pooling provided the 
highest TS at zero prevalence, but showed a rapid decline 
with increasing prevalence, becoming costly at just 
over 10% (Fig.  3B). In contrast, other pooling methods 
remained cost-effective until approximately 27% preva-
lence (Fig. 3B). Among them, the PET was most effective 
at minimizing negative TS at high prevalence, plateauing 
at -10% TS (i.e., 10% more tests than individual testing), 
compared to -25% TS observed with HPO (Fig. 3B).

Processing time simulation: day independent processing
Individual testing was the fastest sample processing 
under all capacity conditions when sample intake was 500 
or less, or up to 1,000 samples when available equipment 
was increased (Fig.  4). Individual testing was the fast-
est at full testing capacity when daily sample intake was 
below 1,500 samples, but it required the highest Thands−on 
(79.73%) to achieve shorter processing times (Table  3). 
Fixed conservative pooling became faster than individual 
testing once intake thresholds were exceeded under their 
respective capacity conditions (Fig. 4). PET required the 
longest processing time, due to the additional round of 
testing to determine an eP for each submission. How-
ever, PET was faster than individual testing when test-
ing capacity was under-equipped and daily sample intake 
exceeded 1,000 (Fig.  4), while consistently requiring the 
lowest Thands−on of all methods (Table  3). When labora-
tories were under-equipped, Thands−on was comparable 
among all methods, as the number of thermal cyclers was 
the limiting factor in processing time (Table 3).

Total processing time simulation: day dependent sampling 
weeks
In the large-scale surveillance scenario, pooling methods 
often completed testing faster than individual testing, 
except under full capacity conditions, where individual 
testing performed comparably (Fig.  5A). When under-
equipped, Thands−on for all methods was around 50%, 
and individual testing frequently failed to complete the 
daily intake within a 24-hour period. However, when 
fully equipped, individual testing met daily demand with 

Table 2  Required tests to complete all surveillance testing from the sampling period with each pooling method
Optimization
method

Total
surveillance samples

Total required tests Total
percent saved
(%)

TC difference from tOPS
(adj. p value)

TS difference from tOPS
(adj. p value)

Fixed conservative 105,024 39,495 62.4 ns < 0.005

Fixed maximal 44,017 58.1 < 0.05 < 0.00001

HPO 34,314 67.3 ns ns

PET 36,511 65.2 ns < 0.0005

tOPS 31,828 69.7 NA NA

Individual 105,024 0 < 0.00001 < 0.00001

Fig. 2  Daily testing demand and positivity of clinical and surveillance 
samples at the MDL. (A) Historical data of combined daily testing demand 
for clinical and surveillance testing at the Molecular Diagnostics Labora-
tory (MDL) from July 2020 – October 2021 is shown in maroon with the 
proportion of positive samples shown in orange for all samples. (B) Only 
samples classified as surveillance are shown indicating the proportion 
of total daily testing demand with the potential to be reduced through 
sample pooling
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reduced processing time, albeit with Thands−on nearing 
100%. This was due to fewer thermal cyclers being the 
rate-limiting step under lower capacity, requiring more 
hands-off time while waiting for cycler availability. Once 
this constraint was removed, little naturally occurring 
hands-off time remained when individually testing. To 
sustain this throughput with individual testing, techni-
cians would need to rotate requiring additional staff, or 
time would need to be scheduled in to allow for breaks, 
restocking of stations, and other tasks, potentially adding 
to processing time.

In the outbreak scenario, individual testing frequently 
completed daily intake faster than pooling methods, 
including tOPS pooling, provided the laboratory was 
not under-equipped (Fig.  5B). Under limited capacity, 
all pooling methods showed processing times similar to 
individual testing, except for PET, which required the 
most processing time but the least Thands−on (Fig. 5B).

 

Classification trees and random forests for method 
selection
In the classification tree, the primary predictor of the best 
method was the testing priority, with PET having a 0.46 
probability of being the best method when hands-off pro-
cessing was the testing priority (Fig. 6A). HPO had a 0.40 
probability of being the best method when reducing tests 
was the priority (Fig.  6A). Individual testing was most 
frequently the best method when reducing processing 
time was the priority, however HPO had a 0.48 probabil-
ity of being the best method to reduce processing time 
when the laboratory was under equipped and sample 
intake exceeded 481 (Fig. 6A). Neither fixed conservative 
nor fixed maximal pooling had the highest probability of 
being the best method under the selected conditions but 
had probabilities approaching that of the best method in 
several instances, including when prioritizing processing 
time for sample intakes less than 72 (Fig. 6A). The impor-
tance of these predictor variables was confirmed by the 
random forest, which showed daily sample intake and 
priority having the highest mean decrease gini (Fig. 6B), 
although this model had a high OOB error of 0.56, and 
an accuracy of only 0.43 when applied to the test data. 
This high error was expected due to the similar prob-
abilities between pooling methods observed in the clas-
sification tree (Fig. 6A). Model accuracy increased to 0.88 
(OOB = 0.12) when pooling methods were grouped and 
the response was limited to pooling (all methods) versus 
individual testing, suggesting that these findings can be 
reliable indicators of when pooling should and should 
not be used, but different pooling methods may achieve 
similar outcomes making them difficult to distinguish 
through modeling of these predictors alone. When pool-
ing can be used, other practical considerations should be 

Fig. 3  Sample pooling methods reduced TC, with PET, HPO, and fixed 
conservative pooling closely resembling tOPS. (A) The median number of 
required tests (TC) to complete testing of a surveillance submission over 
increasing submission size is show. As daily sample intake increases, pool-
ing methods required fewer tests than individual testing (green) which 
also indicates equivalence. Methods that closely follow true optimal pool 
size (tOPS) pooling (yellow) resulted in TC reductions near the maximal 
savings achievable with sample pooling. (B) The percent tests saved (TS) 
to complete a submission is shown over increasing prevalence of positive 
samples. TS reduced with increasing prevalence for all pooling methods, 
with fixed maximal pooling (orange) becoming costly when crossing the 
0% savings (red line) into negative savings at just over 10% prevalence, 
while all other pooling methods remained cost-saving until over 25% 
prevalence. Additional negative costs incurred at high prevalence was cur-
tailed with prevalence estimation testing (PET, pink) by identifying when 
submissions should not be pooled. A generalized additive model was ap-
plied to the data with a 95% confidence interval shown in the shaded 
region
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introduced to determine which pooling method would be 
best suited to the circumstances of a given day (Fig. 7).

Discussion
While the validation of pool sizes that maintain sufficient 
diagnostic sensitivity for surveillance testing must be rig-
orous, the selection of the applied pool size for a submis-
sion within this validated range can be approached more 
fluidly to meet evolving laboratory demands at a given 
time. When the primary goal for pooling is to reduce the 
number of tests performed, all pooling methods evalu-
ated significantly decrease test volume compared to indi-
vidual testing (Fig. 3A and B; Table 2). PET and HPO 
methods, as well as fixed conservative pooling did not 
differ significantly in test count from pooling with the 
true optimal pool size for each surveillance submission. 
These findings show the high degree of resource conser-
vation achievable by aligning optimization strategies with 
the characteristics of the sample population. Minimizing 
test count is critical when resource conservation must be 
prioritized but testing demand must still be met. During 
the COVID-19 pandemic, many laboratories experienced 

operational challenges due to shortages of reagents, con-
sumables, equipment parts, and other critical supplies [2, 
44]. As many critical consumables rely on global supply 
chains [45], future disruptions could similarly constrain 
laboratory capacity if key resources become scarce.

While reduction in test count was observed in all 
pooling optimization methods, additional testing costs 
when surveillance submissions had unexpectedly high 
prevalence were also observed. These additional costs 
were effectively minimized by PET, which was able to 
identify submissions that should be individually tested 
rather than pooled (Fig. 3B). Fixed maximal pooling also 
avoided excessive additional costs due to fewer pools 
being tested; however, it was only a cost-effective strategy 
at low prevalence.

When reducing sample processing time is the primary 
objective, pooling (including tOPS) was often slower than 
individual testing, especially under higher testing capac-
ity, where larger test counts could be supported (Fig. 4). 
However, achieving this shorter turnaround time came at 
the cost of a substantial increase in hands-on time, which 
approached 100% during the large-scale surveillance 

Fig. 4  Processing time difference from individual testing to complete daily sample receipts over increasing sample intake. The difference in processing 
time between each pooling method and individual testing is shown with positive values indicating additional processing time required and negative 
values indicating less processing time required when using each pooling method compared to individual testing. All pooling methods were slower than 
individual testing (values above zero, red line) when sample intake did not exceed 500 samples, after which historical prevalence optimization (HPO, 
purple) and fixed conservative pooling (aqua) were the fastest methods requiring less time than individual testing (negative values, below red line) across 
all capacity conditions, closely following the processing pace of true optimal pool size (tOPS) pooling (yellow). When operating at full capacity, all pooling 
methods required more processing time than individual testing when daily intake was as high as 1,500 samples. Prevalence estimation testing (PET, pink) 
was frequently the slowest due to the required additional round of testing but was still faster than individual testing (green) when capacity was low and 
sample intake was high. Curves were smoothed using locally estimated scatter plot smoothing (LOESS)

 



Page 10 of 16Burgess et al. BMC Infectious Diseases          (2026) 26:449 

event (Fig. 5A). When sample intake exceeded daily test-
ing capacity and prevalence remained low fixed conser-
vative, fixed maximal, and HPO pooling outperformed 
individual testing in terms of processing time and hands-
on time requirements (Fig.  5A). Conversely, during the 
outbreak week, the increase in positive samples and 
pools rendered pooling less efficient for rapid sample 
processing, especially when testing capacity was suffi-
cient to support individual testing (Fig. 5B). Of note, even 
with medium equipped levels and understaffed condi-
tions (Fig.  1), individual testing consistently completed 
faster than even truly optimal pooling (Fig. 5B). The abil-
ity to switch to faster testing strategies, even with limited 
capacity, would facilitate the management of outbreaks 
and rapidly responding to pathogens that require imme-
diate containment measures.

When considering the interplay of multiple conditions, 
limitations, and priorities, modeling via classifcation tree 
and random forrest demonstrated how the best outcome 
for testing efficiency required a flexible application of 
multiple pooling methods dependent on the combina-
tion of predictor variables. Three methods showed a clear 
advantage for each priority identified, with PET most 
often being the best for hands-off processing, HPO for 

test reduction, and individual testing for processing time 
in most cases (Fig.  6A). However several of the pooling 
methods showed a similar probability of being the best 
method under the same conditions, necesitating addi-
tional practical considerations (Fig.  7), for example, the 
need to simplify protocols or limits to available histori-
cal data could make fixed maximal/conservative pooling 
preferable over HPO in some of the model conditions.

The approach outlined in this study has notable limita-
tions. First, the simulation assumes high assay sensitivity 
for pooled samples, with all positive/ambiguous samples 
(represented as 1s) always being identified when query-
ing the binary data frame. While sensitivity when pooling 
is partially accounted for in the MCS via the binGroup2 
optimal pool size calculation, in practice the impact of 
pooling on assay sensitivity must be carefully validated 
before increasing pool size. In this study we investigated 
only variations in optimizing two-stage hierarchical pool-
ing, as that would be the most appropriate approach for 
the given circumstances. When a larger pooling range, 
lower prevalence, and ability to support a more compli-
cated pooling set up are expected, other methods like 
3-stage hierarchical pooling and array pooling should be 
considered as well [20]. In addition, the processing time 
simulation does not account for additional time needed 
to move technicians or plates between workstations, nor 
does it consider other essential, non-sample-processing 
tasks performed by laboratory staff (e.g., data entry, sam-
ple cataloguing, laboratory inventory, maintenance, etc.). 
These factors could contribute to overall turnaround 
time, resource allocation, and/or staffing needs, but are 
not captured in the current model. Considerations must 
be made for the additional time needed for these criti-
cal supporting tasks and the time demands they may 
place on technicians, potentially requiring the hiring of 
additional personnel or delaying processing time, espe-
cially for methods with high hands-on time. While this 
retrospective assessment presented compelling pooling 
parameters in the examined surveillance program, other 
programs looking to adopt this approach should consider 
sample intake ranges, prevalence thresholds for pooling, 
and laboratory capacity conditions reflective of their own 
program’s laboratory capacity, target pathogen, and tar-
get populations.

Given the variable relative performance of these test-
ing approaches, some associations between optimization 
methods and compatible operational priorities and/or 
limitations were identified and can be used to design flex-
ible pooling applications for a given surveillance program 
(Fig. 7). It is also important to consider how the charac-
teristics of the target pathogen and the tested population 
may affect the reliability of prevalence estimates used in 
pooling optimization, an area explored in previous stud-
ies [21]. By routinely re-assessing laboratory priorities 

Table 3  Total daily processing time for each method under 
different testing capacities
Testing 
capacity

Optimization 
method

Daily process-
ing time (hours) 
(Average)

Hands-
on time 
(%) (Av-
erage)

Under staffed 
& Under 
equipped

Fixed conservative 14.17 67.92

Fixed maximal 14.59 66.98

HPO 13.89 67.55

PET 20.05 64.24

tOPS 13.75 67.24

Individual 14.39 68.16

Under staffed 
& Medium 
equipped

Fixed conservative 13.52 68.57

Fixed maximal 13.70 68.45

HPO 13.43 67.41

PET 19.77 63.77

tOPS 13.34 66.96

Individual 10.70 82.73

Fully staffed 
& Under 
equipped

Fixed conservative 14.17 67.78

Fixed maximal 14.59 66.89

HPO 13.89 67.50

PET 20.05 64.22

tOPS 13.75 67.19

Individual 14.39 67.26

Fully staffed 
& Fully 
equipped

Fixed conservative 13.51 63.77

Fixed maximal 13.59 63.87

HPO 13.40 63.11

PET 19.76 61.21

tOPS 13.32 62.74

Individual 9.83 79.73
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and constraints within the surveillance landscape, labora-
tories can increase their adaptability by shifting between 
pooling optimization strategies within a previously vali-
dated pooling range. This flexible application of multiple 
methods would be particularly valuable in managing 

resource shortages, sudden testing surges, and lapses 
in testing capacity due to staffing and/or equipment 
constraints under conditions where sample pooling is 
applicable.

Fig. 5 (See legend on next page.)

 



Page 12 of 16Burgess et al. BMC Infectious Diseases          (2026) 26:449 

Conclusion
Methods for selecting the optimal pool size for a given 
population each have distinct strengths and limita-
tions. When choosing a pooling optimization strategy, 
it is essential to consider the dominant priorities to be 
achieved with sample pooling, as well as practical con-
straints, including staffing and equipment levels, tech-
nician workload, and resource scarcities. The findings 
presented here highlight the many advantages and trade-
offs associated with different optimization methods, 
emphasizing that certain methods may be more compat-
ible to specific combinations of priorities and operational 
constraints. These results underscore the value of main-
taining flexibility in optimization method at a given time 
to remain responsive to dynamic needs and restrictions 
in surveillance testing.

(See figure on previous page.)
Fig. 5  Optimization methods show differing relative advantage between large scale surveillance events and outbreak scenarios. Processing time for 
samples taken in over a week is shown with additive daily sample intake indicated by the black dashed line. Each method had completed testing for 
that day’s intake when it reached the dashed line, which increased when the next day’s samples were received. Embedded bar graphs show the average 
daily percent Thands−on observed over the week with each pooling method (color) under each capacity condition. (A) When testing a large-scale surveil-
lance event where high sample volume but low prevalence is expected, individual testing (green) frequently lagged pooling methods. Processing time 
for individual testing improved when capacity increased, but Thands−on also increased to achieve this lower processing time. (B) When testing higher 
prevalence submissions in the outbreak scenario, individual testing completed processing before all pooling methods, including true optimal pool size 
(tOPS) pooling (yellow), when not under equipped, in which case processing time for individual testing was similar to fixed (aqua, orange) and historical 
prevalence optimization (HPO, purple) pooled testing. Prevalence estimation testing (PET, pink) again showed the lowest average Thands−on independent 
of capacity condition.
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Fig. 6  Modeling of best pooling method selection under different testing conditions, constraints, and priorities. (A) Priority was the primary distinguish-
ing predictor variable in the classification tree with prevalence estimation testing (PET, green) being the best method for hands-off processing, historical 
prevalence optimization (HPO, blue) being the best method for reducing tests, and individual testing (light blue) often being the best method for lower 
processing time, with some exceptions depending on capacity and sample intake where HPO performed better when laboratory capacity was minimal. 
While fixed conservative and maximal pooling where not the best methods for these priorities (“unused”), they had close probabilities to being the best 
methods under certain circumstances where additional considerations may make them preferable. (B) The importance of the selected predictors was 
validated in the random forest showing a large difference in variable importance for daily sample intake and testing priority compared to equipment and 
staffing conditions
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