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Abstract

We study the problem of mass screening of heterogeneous populations under limited testing
budget. Mass screening is an essential tool that arises in various settings, e.g., the COVID-
19 pandemic. The objective of mass screening is to classify the entire population as positive
or negative for a disease as efficiently and accurately as possible. Under limited budget,
testing facilities need to allocate a portion of the budget to target sub-populations (i.e., pro-
active screening) while reserving the remaining budget to screen for symptomatic cases
(i.e., reactive screening). This paper addresses this decision problem by taking advantage
of accessible population-level risk information to identify the optimal set of sub-populations
for proactive/reactive screening. The framework also incorporates two widely used testing
schemes: Individual and Dorfman group testing. By leveraging the special structure of the
resulting bilinear optimization problem, we identify key structural properties, which in turn
enable us to develop efficient solution schemes. Furthermore, we extend the model to
accommodate customized testing schemes across different sub-populations and introduce
a highly efficient heuristic solution algorithm for the generalized model. We conduct a com-
prehensive case study on COVID-19 in the US, utilizing geographically-based data. Numeri-
cal results demonstrate a significant improvement of up to 52% in total misclassifications
compared to conventional screening strategies. In addition, our case study offers valuable
managerial insights regarding the allocation of proactive/reactive measures and budget
across diverse geographic regions.

Author summary

The problem of mass screening of heterogeneous populations is challenging, especially
when we do not have enough tests to check everyone all at once. Therefore, under limited
testing budget, testing facilities need to allocate a portion of the testing budget to target
sub-populations (i.e., proactive screening) while reserving the remaining budget to screen
for symptomatic cases (i.e., reactive screening). Our study provides a strategy to make
those decision efficiently by taking advantage of risk information and utilizing optimiza-
tion models. We conduct a comprehensive case study on COVID-19 in the US and
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numerical results demonstrate a significant improvement compared to conventional
screening strategies. The results of this paper will benefit health administrators and pol-
icy-makers by providing managerial insights regarding optimal allocation of testing kits
and testing designs across diverse geographic regions.

1 Introduction
1.1 Motivation and background

Mass screening involves testing a large population to detect a specific disease, aiming to accu-
rately classify the entire population as either positive or negative for the disease. It has become
a widely used approach across various healthcare settings. Examples of mass screening include
the detection of cancers [1-3], sexually transmitted diseases (STDs) [4-6], and ensuring blood
transfusion safety [7-9]. In recent years, mass screening has gained significant attention and
has been increasingly implemented in response to the COVID-19 pandemic. A number of
studies have consistently shown the efficacy of mass screening for COVID-19 in various real-
world scenarios [10-13]. For example, New Zealand has garnered widespread recognition for
its highly effective strategy against COVID-19 during the initial phases of the pandemic, result-
ing in an impressively low number of confirmed cases and fatalities. The country swiftly exe-
cuted mass screenings for a population of only 5 million, reaching more than 150, 000
individuals in a relatively short period of time, with subsequent contact tracing implemented
for each case [11]. The example clearly demonstrates that effective mass screening programs
can identify infected individuals and then provide valuable information for implementing
other preventive measures, such as quarantining and contact tracing. As such, mass screening
plays a fundamental role in breaking the chain of transmission and controlling the spread of
the disease, particularly within the context of highly infectious diseases. Thus, it is of utmost
importance for decision makers to develop an effective screening strategy that provides accu-
rate identification of infected cases.

The most straightforward screening strategy is to test every individual in the population.
However, this approach is often hampered by inadequate testing resources that cannot meet
the high demand for testing. Limited testing resources can be attributed to various factors,
with the most common being the limited availability of diagnostic testing assays. For instance,
in many tropical regions where Malaria is prevalent, diagnostic testing methods like micros-
copy or rapid diagnostic tests (RDTs) may not be readily accessible in remote areas [14]. This
limitation is particularly evident during the early stages of a new disease outbreak. For exam-
ple, during the early stages of the COVID-19 outbreak, the United States faced a significant
shortage of testing assays, with a weekly testing capacity of only 0.36% of the entire population
[15]. Additionally, resources can also be constrained due to financial limitations, inadequate
infrastructure, and other factors. Therefore, how to utilize limited testing budget to maximize
the effectiveness of mass screening becomes particularly crucial and relevant. This research
problem becomes trivial when considering the inherent homogeneity within the entire popula-
tion. In other words, if all individuals were identical, it would be equivalent to conducting ran-
dom testing on subjects. However, in practice, populations are highly heterogeneous. That is,
different sub-populations display potential variations in terms of risk scores, health conditions,
symptomatic rates and other factors, thereby amplifying the complexity of the problem.

A commonly adopted strategy is to screen individuals who exhibit symptoms, referred to as
reactive screening. This approach allows for the confirmation of their infectious status, which is
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especially important at the individual level, as it ensures that infected individuals receive timely
and appropriate medical treatment. However, at the population level, reactive screening may
not always suffice to effectively control disease transmission, especially in the case of highly
infectious diseases. This limitation arises due to several factors. First, disease transmission can
occur from presymptomatic cases (i.e., infected individuals that are infectious before develop-
ing symptoms). For example, studies have revealed that approximately 35% of COVID-19
transmissions were attributed to presymptomatic cases [16]. Therefore, the early identification
of these individuals, coupled with the prompt implementation of essential precautions, can
play a crucial role in effectively mitigating the spread of the disease. Similarly, asymptomatic
cases (i,e., infected subjects that never exhibit any symptoms) can also contribute to disease
transmission, and an accurate identification of these cases is vital in order to effectively prevent
disease outbreaks. In the case of COVID-19, research suggests that approximately 30% of all
infected cases are asymptomatic [17]. Given these drawbacks of a reactive screening strategy,
proactive screening has emerged as an attractive alternative strategy that overcomes some of
these shortcomings. This approach involves screening individuals before they develop signifi-
cant clinical symptoms or become major contributors to widespread transmission. By imple-
menting proactive screening, it becomes possible to identify and isolate potentially infectious
individuals at an early stage, effectively curbing the spread of the disease. Therefore, it is essen-
tial to prioritize individuals who are most in need of screening. For instance, these individuals
can include those in high-exposure rate occupations (e.g., healthcare workers) or those who
are more vulnerable to the disease (e.g., individuals with pre-existing health conditions).

While proactive screening is critical, the significance of reactive screening is equally essen-
tial and cannot be simply overlooked. This is especially important in settings where other dis-
eases share similar symptoms with the targeted disease. For example, the flu can manifest a
range of mild to severe symptoms, such as coughing, fever, and fatigue, which are often indis-
tinguishable from those of COVID-19. However, COVID-19 is a more contagious and can
lead to long-term health complications [18, 19]. Therefore, it is crucial to establish a compre-
hensive framework that integrates both proactive and reactive screening to ensure the accurate
identification and effective containment of diseases. Relying solely on one screening measure
can result in undesirable outcomes. Thus, it is imperative to determine an appropriate alloca-
tion of the available budget between proactive and reactive screening in order to maximize
their combined effectiveness. This problem becomes particularly intriguing when dealing with
heterogeneous populations. For instance, optimal screening strategies may implement proac-
tive screening for sub-populations with higher risks and reactive screening for those with
lower risks. Furthermore, even when considering the same prevalence rate, different sub-
populations can exhibit varying rates of symptomatic cases due to variations in health condi-
tions resulting from factors such as age or pre-existing health conditions. In such cases, it may
be optimal to employ proactive screening for sub-populations that are less likely to experience
severe symptoms, while utilizing reactive screening for those sub-populations that are more
vulnerable. By tailoring the screening approach to the specific characteristics and needs of dif-
ferent sub-populations, we can optimize the allocation of resources and enhance the overall
effectiveness of the screening strategy.

Regardless of the testing manners (either proactive or reactive screening), a shared impor-
tant decision problem is testing schemes. The most commonly adopted scheme is individual
testing, which involves testing each subject individually. Although individual testing is simple
and easy to implement, it may only be feasible for screening a small portion of the population
when the budget is limited, which significantly restricts the screening efforts. To overcome this
limitation, an alternative testing scheme is Dorfman group testing [20], which involves testing
multiple subjects simultaneously with a single test. Dorfman testing has two stages: In the first,
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specimens from multiple individuals are mixed together and tested in a single group. If the test
result is negative, every subject in the group is classified as negative and the procedure stops. If
the test result is positive, then each subject of the group is tested again individually in the sec-
ond stage to identify the positive members of the group. Such a procedure has the potential to
significantly expand testing capacity and it has been widely utilized in a variety of settings (e.g.,
blood screening [21, 22], HIV screening [23, 24], COVID-19 screening [15, 25]). Group testing
is a strategic and effective measure that can lead to considerable economies in terms of
reagents, labor, and time, ultimately enhancing the speed and efficiency of laboratory outputs:
First, a PCR test, which is currently the benchmark for detecting SARS-CoV-2 (the virus
responsible for COVID-19), typically requires around two hours to process [26, 27]. Conse-
quently, the strategy of group testing, supplemented by individual tests when necessary, is via-
ble in terms of time efficiency. Additionally, the capacity of testing machines plays a crucial
role, often capping the number of samples that can be processed per cycle, with a common
threshold being 96 samples per run [26]. Group testing enhances the total number of samples
examined in each cycle, thereby boosting overall throughput and reducing the average time
needed to obtain results. This increase in processing capacity through pooling can facilitate
broader COVID-19 screening initiatives. Given the usefulness of group testing, group testing
for COVID-19 has received emergency use authorization from the U.S. Food and Drug
Administration in July 2020 [28]. Subsequently, numerous communities and testing facilities
across the U.S. have embraced this method, significantly enhancing the nation’s testing capa-
bilities [29-34]. For example, the Nebraska Public Health Lab leveraged group testing to qua-
druple its COVID-19 screening capacity. [29]. In Massachusetts, schools implemented this
strategy, enabling broader surveillance of COVID-19 while conserving resources [32]. Simi-
larly, Duke University in North Carolina also adopted group testing, facilitating frequent test-
ing for 10,265 students, who underwent a total of 68,913 tests, despite limited resources. [31].
Countries across Asia, Europe, South America and Africa have also swiftly adopted this
approach within various community settings (e.g., universities, hospitals, and care homes)
[35-41]. In addition, extensive research and studies have consistently demonstrated the effec-
tiveness and practicality of group testing for COVID-19 [42-46]. However, in certain situa-
tions, group testing, while generally cheaper, may provide poor performance compared to
individual testing, especially when the prevalence rate is high. Consequently, it is advantageous
to incorporate both testing schemes and customize the screening strategy based on different
circumstances.

In this paper, we aim to establish an optimization-based targeted screening strategy under
limited testing budget. The proposed framework also addresses the challenge of high heteroge-
neity within the population, which consists of various sub-populations with distinct risk
scores, symptomatic rates, and testing needs. Moreover, it incorporates both proactive and
reactive screening approaches, as well as different testing schemes simultaneously. Although
there are several variations of group testing schemes, including array-based [47, 48], adaptive
[49, 50], and multi-stage [51, 52], these methods are often complicated to implement in prac-
tice. Therefore, in this paper, we focus on the two most commonly adopted testing schemes:
Individual and Dorfman group testing, which provide more feasible and actionable insights.
The comprehensive design of our proposed screening strategy offers a highly customized
approach that optimizes the overall classification accuracy. Such a strategy not only enhances
the accuracy of screening but also provides valuable managerial insights. For instance, it allows
for the distribution of limited testing assays and testing budget for proactive and reactive
screening, enabling effective resource management. This established framework can be widely
applied in mass screening programs for various diseases, thereby improving readiness to com-
bat new infectious disease threats.
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1.2 Literature review

The existing literature on mass screening is diverse and extensive. The vast majority of the
existing body of work, however, either imposes the unrealistic assumption such as perfect tests
[53-55] or a homogeneous population [48, 51, 56]. Although some studies integrate heteroge-
neity into their frameworks, the majority of the research places emphasis on reactive screening.
In this context, the subjects for testing have already been selected, and the focus is on exploring
optimal screening strategies for this predefined group of subjects [51, 55, 57-60]. For instance,
[58] investigate the optimal screening strategies for specimens collected at healthcare clinics.
While the studies in question offer valuable insights, they overlook the benefits of proactive
screening and fail to integrate the challenge of identifying which sub-populations to target into
the decision-making framework.

Considering the pitfalls of reactive screening, proactive screening has gained increasing
attention [61-67]. One stream of research utilizes epidemiological models to simulate the
spread of diseases under different targeted screening strategies [62, 64, 68-70]. For instance,
the prevailing approach in the field revolves around the utilization of epidemiological models
such as the Susceptible, Infected, and Recovered (SIR) compartmental model [62, 64, 68-71].
While these studies are capable of evaluating the effectiveness of various targeted screening
policies, they often rely on a trial-and-error approach to identify optimal policies. This compu-
tational process can be prohibitively time-consuming or even infeasible in certain cases.

In an effort to overcome this limitation, another line of work focuses on optimization-
based approaches to identify optimal targeted screening policies [72-76]. For instance, [72]
utilize population-level attributes such as age, race, and nationality to model the issue as a
multi-armed bandit problem. Their adoption of a reinforcement learning framework illumi-
nates the structure of nearly optimal strategies. Although promising, their work has some key
limitations, such as the assumption of a homogeneous population and perfect tests. Further-
more, as observed in the aforementioned studies and other similar works within an optimiza-
tion framework [73], their methodology does not incorporate the design of group testing (e.g.,
determining the optimal group size) into the decision-making process. This limitation signifi-
cantly hinders screening efforts under scarce testing capacity. While another study, aligning
more closely with our framework, adopts a more tailored screening strategy [74], it exclusively
studies proactive screening methods. This focus markedly simplifies the modeling complexity,
as they formulate the problem as a linear program.

To the best of our knowledge, there has not been much effort put towards incorporating
both screening manners (proactive and reactive screening). Therefore, we perceive our work
as a valuable contribution that aims to bridge this gap and overcome certain limitations and
unrealistic assumptions. These include assuming a homogeneous population, relying on per-
fect tests, and considering only a single testing scheme (primarily individual testing) [53, 64,
71]. In this paper, we aim to establish an optimization-based targeted screening strategy under
limited testing budget. The proposed framework also addresses the challenge of high heteroge-
neity within the population, which consists of various sub-populations with distinct risk scores
and symptomatic rates. It also incorporates diverse testing manners (proactive and reactive
screening) and different testing schemes simultaneously, culminating in a more intricate and
comprehensive optimization model (specifically, a mixed-integer nonlinear model).

1.3 Contributions

In summary, the contributions of this paper are multi-fold: First, we introduce an optimiza-
tion-based screening strategy under limited testing budget that incorporates two testing
schemes: Individual and Dorfman group testing. Our proposed approach addresses common
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unrealistic assumptions, such as perfect tests and homogeneous populations. More impor-
tantly, the framework accommodates both proactive and reactive screening, taking into
account symptomatic information regarding other diseases that share similar symptoms. This
enables the identification of sub-populations for proactive screening while also determining
the appropriate allocation for reactive screening. To the best of our knowledge, this is the first
work that integrates all these factors and dimensions into a comprehensive framework. Sec-
ond, our analysis of the resulting problem, which is a mixed-integer nonlinear program,
reveals structural properties that enable us to develop an efficient globally optimal solution
scheme. Specifically, we first identify crucial properties that allow us to determine the optimal
values for integer decision variables in advance, significantly reducing the complexity. Subse-
quently, we capitalize on the special knapsack-style structure of the resulting bilinear program
and devise an efficient solution scheme. Furthermore, we extend the model by incorporating
customized testing schemes across various risk categories. We also introduce a highly efficient
solution algorithm for the generalized model. Numerical experiments provide compelling evi-
dence of the effectiveness of the solution scheme, showcasing its efficiency over commercial
solvers by significantly reducing computational time to seconds and consistently delivering
near-optimal solutions. Third, we conduct a case study on COVID-19 in the US using real geo-
graphically-based data. Our numerical results show our solution significantly outperforms
conventional screening policies, reducing misclassifications by 21% and 27% across two dis-
tinct datasets, highlighting its robust performance. This highlights the importance of data-
driven screening policies. Moreover, our findings offer valuable managerial insights regarding
optimal testing schemes, the distribution of reactive/proactive screening, and

budget allocation across various geographic areas. Lastly, we evaluate the performance of gen-
eralized model that integrates tailored testing strategies across diverse risk categories and dis-
cuss the trade-offs between performance and practicality.

The remainder of this paper is organized as follows: Section 2 introduces the notation and
provides a clear definition of the decision problem (summarized in Table 1) and optimization
model. Following that, Section 3 discusses the methodological results and presents an efficient
solution scheme. Additionally, Section 3 provides a more general model along with its solution
strategy. Then, Section 4 presents findings from a COVID-19 case study in the US. Lastly, Sec-
tion 5 concludes the paper and highlights potential future research directions. To enhance
readability, all proofs and some discussions are relegated to the S1 File.

2 Notation, decision problem, and optimization model

Consider a population that comprises M categories, each representing a sub-population with a
potentially different risk, i.e., probability of a subject from a category having the disease. The
categories collectively represent the entire population. Let £ = {L,, - - -, £,,} denote the entire
population where £, represents the set of subjects in category m € M = {1,...,M}. The
decision on how to partition the population into different categories is crucial as it ultimately
impacts the overall effectiveness of the testing strategy. The aim is to define the categories in a
way that maximizes heterogeneity between them while minimizing heterogeneity within each
category. While considering each individual as a category would be most ideal, it is often
impractical due to difficulties in assessing individual risk, particularly in large populations.
Additionally, factors such as research objectives, available data, and population characteristics
can influence the definition of these categories. The most prevalent approach involves utilizing
clustering methods where the categories are distinctly separate from one another [77-79]. In
fact, [80] has proposed an efficient partition scheme to maximize the heterogeneity between
sub-populations. Given the presence of these methods in the literature, one viable approach
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Table 1. Notation.

Parameters

L,, | = | The set of individuals belonging to category m € M.

£

L | 2 | A population consisting of M categories £,,.

a,, | £ | The number of active positive cases in the category m € M.
Pm | 2 | The total number of subjects in the category m € M.

7 | = | The risk of subjects in the category m € M.

fm | 2 | The probability of having concurrent diseases in the category m € M.

Sm | = | The symptomatic rate of the primary disease in the category m € M.
a,, | 2 | The symptomatic rate of other diseases that share similar symptoms in the category m € M.
Pr | 2 | The total population size across all categories.

Se | 2 | Sensitivity of test.

Sp | £ | Specificity of test.
L,, | 2 | The probability of a subject experiencing symptoms in category m € M.

Jm | 2 | The probability of a subject in category m is infected, given the subject is showing symptoms.
2 | The probability of a subject in category m is infected, given the subject is not showing symptoms.
2 | The given testing budget.
2 | The weight placed on false negatives in category m.

Upper bound on the group size of proactive screening.

% %[ | &
1l

2 | Upper bound on the group size of reactive screening.
Random Variables
FN | 2 | Number of false negatives.
FP | 2 | Number of false positives.
TC | £ | Total testing costs.
Decision Variables (RP-MS)

x| 2 | The proportion of subjects in category m € M that are proactively tested.

x! | & | The remaining proportion of subjects without undergoing proactive screening who exhibit symptoms and
are reactively tested in category m € M.

n? | 2 | The group size of proactive and proactive screening.

n" | 2 | The group size of proactive and reactive screening.

2 | The proportion of untested symptomatic subjects classified as positives in category m.

z, | 2 | The proportion of untested non-symptomatic subjects classified as positives in category m.
Decision Variables (CRP-MS)

u” | 2 | The proportion of subjects in category m that are proactively tested with group size n’.

n | A

v | £ | The proportion of subjects in category m that are reactively tested with group size #”.

https://doi.org/10.1371/journal.pcbi.1012308.t001

could be to partition the population beforehand and subsequently apply our model to devise
the optimal screening strategy. However, this sequential method of analysis might result in
sub-optimal solutions.

The actual risk of disease is determined by a wide range of factors, including exposure risk
(such as close contact, travel history, and occupational exposure), demographic information
(e.g., age, race, and sex), behavioral factors (e.g., wearing masks, practicing good hand hygiene,
and maintaining physical distancing), as well as community transmission levels. Incorporating
numerous factors poses a challenge, often compounded by limited data availability. As a result,
accurately integrating all these variables to estimate the actual risk of the disease is exceedingly
difficult, potentially even impossible. In this paper, we make the assumption that the categories
are pre-defined and we use several metrics to characterize each category m € M. First, let a,,
and p,, = |£,,| denote the number of active cases of the disease and the population size in
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category m, respectively. By considering both the number of active cases and the population
size, we can assess the corresponding risk r,, as 1,,, = a,,/p,,, € [0, 1]. The number of active
cases, in fact, is influenced by various factors mentioned above (e.g., exposure risk and behav-
ioral factors). Thus, including active cases in our risk estimates implicitly accounts for these
factors. In addition, this data is usually publicly available and easy to access. Furthermore, this
formula with the number of active cases essentially quantifies the prevalence rate, a key metric
for characterizing the community’s risk level. The prevalence rate is a pivotal metric widely uti-
lized by public health authorities, including the Centers for Disease Control and Prevention
(CDQ). It provides a quantifiable measure of community transmission, reflecting the propor-
tion of the population affected by active cases at a given moment. Therefore, this rate is indica-
tive of the immediate extent of disease spread within the community, serving as a critical
indicator of the current public health situation. In addition, we designate the disease that
needs to be detected as the primary disease, while diseases that share similar symptoms are
referred to as concurrent diseases. These concurrent diseases exhibit similar symptoms to the
primary disease, making it difficult to distinguish them based on symptoms alone. Let f,,, €

[0, 1] denote the risk of concurrent diseases, representing the probability of a subject from cat-
egory m having concurrent diseases. Furthermore, we define various symptomatic rates as fol-
lows: The symptomatic rate of the primary disease is denoted as s,,,, whereas the symptomatic
rate of other diseases that share similar symptoms is denoted as ¢,,,. When a subject is exposed
to an infectious disease, it is possible for the subject to still be susceptible to other diseases [81].
Therefore, we assume that the infection by different diseases (both primary and concurrent)
are independent. Lastly, let P, = > p  represent the total population size across all
categories.

A testing assay is often available to screen the population for the disease. However, the test
is imperfect with sensitivity (i.e., true positive probability), denoted by Se € [0, 1], and specific-
ity (i.e., true negative probability), denoted by Sp € [0, 1]. Without loss of generality, we
assume that the test’s true negative probability is higher than its false negative probability, i.e.,
Sp/(1 — Se) > 1. If this assumption is not satisfied, we can improve the test accuracy by inter-
preting the results in the opposite way, satisfying the aforementioned condition. Regarding
testing schemes, we focus on two specific testing schemes: Individual and Dorfman group test-
ing. In addition, testing can be implemented in either a proactive or reactive manner. Proactive
screening refers to testing individuals before any clinical signs or recognizable symptoms. On
the other hand, reactive screening is conducted for symptomatic cases, with the goal of identi-
fying the true infectivity status and taking appropriate medical measures accordingly. The
decision problem, then, is to identify categories (or portions of categories) of the heteroge-
neous population that should be screened either in a proactive and/or reactive manner. In
addition, the testing scheme (i.e., individual or Dorfman testing) as well as the testing design
(i-e., the group size) need to be determined for tested categories. This decision must be made
while also considering the limited budget availability and ensuring that the testing strategy’s
overall accuracy is optimized.

In this paper, we evaluate the accuracy of the testing strategy by measuring the total number
of misclassifications. In particular, we use two metrics to characterize these misclassifications:
(i) the expected number of false negatives, denoted by E[FN] and (ii) the expected number of
false positives, denoted by E[FP]. The expectation is taken over the true infectivity status of
subjects which is unknown. The relative significance of these two metrics can vary, sometimes
significantly, based on the specific context or disease involved. In fact, even within the same
context and disease, the importance of these metrics can shift over time. For instance, in the
scenario of a highly infectious disease outbreak, like COVID-19, the focus on the terms of the
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objective function may change during different phases of the outbreak. In the initial stages, pri-
oritizing false negatives could be crucial to prevent further spread and better manage contain-
ment, as undetected cases can lead to widespread transmission. As the situation progresses
towards a post-outbreak phase with potential herd immunity, the focus may shift to minimiz-
ing false positives to alleviate unnecessary quarantines, contact tracing, and their associated
economic and social disruptions. As another example of situations in which false positives are
prioritized, consider a situation where a false positive lead to costly additional procedures,
such as extensive testing (e.g., full-body CT or MRI scans), particularly at the onset of a pan-
demic when effective treatment or vaccination protection is unavailable. Given the aforemen-
tioned arguments, it is crucial to adopt a tunable objective function (i.e., a weighted sum of the
two classification errors), providing decision-makers the flexibility to tailor the optimization
model to their specific circumstances. This robust framework promotes adaptability, efficiently
addressing diverse urgencies and requirements to meet specific objectives in a variety of situa-
tions. We believe that this enhances the model’s utility and adaptability, enabling its effective
application across a range of diseases and contexts. In addition, categories are heterogeneous
and will have different needs and consideration towards negatives/positives. For example, con-
sider the scenario of mass screening before a scheduled event: A false positive result might pre-
vent individuals from attending, leading to varied consequences based on individual utility
and their roles. Therefore, the weight parameter should reflect the non-uniform impact of false
positives/negatives among different population groups. Employing a fixed A to weigh false neg-
atives uniformly for the entire population overlooks significant aspects of heterogeneity within
these groups. As a result, we advocate for a model that acknowledges and incorporates the
unequal effects of false negatives/positives by introducing a weight parameter 1, for each cate-
gory m € M, enhancing both the realism and efficacy of the approach. By incorporating these
weight parameters, we can construct a more customized model that is capable of handling var-
ious situations and needs of each category.

Due to limited budget, it may not be feasible to screen the entire population, resulting in
some individuals remaining untested. Misclassification can also occur when untested subjects
are falsely classified based on the designated classification policy. For these untested subjects,
we integrate the classification policy’s decision into the decision-making process that specifies
whether untested subjects should be classified as positive or negative. Moreover, as symptom-
atic cases may have a higher chance of being true positives, it becomes imperative to incorpo-
rate two distinct classification policies based on the symptomatic status of untested
individuals. The flexibility in the classification policy is critical because it can significantly
impact the overall accuracy of the testing strategy.

We now formulate the decision problem in a more rigorous manner. Let x?, € [0, 1] repre-
sent the proportion of subjects in category m € M that are proactively tested. On the other
hand, let x], represent the remaining proportion of subjects without undergoing proactive
screening who exhibit symptoms and are reactively tested in category m € M. An assumption
we enforced is that each individual can only undergo testing once, either through proactive or
reactive screening. This implies that if an individual is selected for proactive screening, they
are exempted from undergoing reactive screening, even if they exhibit symptoms later on.
This assumption is reasonable since, with a short screening cycle, if a subject shows symptoms
shortly after testing, their condition can be inferred from the earlier proactive screening
results. Thus, it is more valuable to refrain from re-screening individuals who have already
been proactively tested, as it conserves scarce screening resources for other subjects who have
not yet been tested. In terms of testing schemes, the group size of proactive and reactive
screening is denoted by n” and n' respectively. Individual testing can be seen as a special case
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of group testing when n* and n” are equal to 1. Thus, utilizing #* and n” can fully characterize
the testing schemes. Note that we employ a testing scheme for proactive/reactive screening
across different categories, respectively. This setting offers more practical insights since imple-
menting a combination of two testing schemes coupled with two testing manners (proactive
or reactive screening) across different categories may pose challenges in practice. However, the
more generalized model, which incorporates different testing schemes across categories, will
be discussed and studied in Section 3.1. The group size cannot be any arbitrary positive integer
due to various practical constraints. One such limitation is the dilution effect of grouping,
where the specimen of an infected individual is diluted when grouped with negative samples,
thereby affecting the accuracy of the testing assay [82]. However, studies have shown that the
dilution effect becomes negligible when the group size is not too large [83, 84]. Another con-
straint is the capacity of the testing equipment, which can limit the size of the groups that can
be processed at one time [26]. Therefore, we impose an upper bound N and N’ for #¥ and n”,
respectively (i.e., v’ €{1,..., NP} and n" € {1, ..., N'}). Lastly, for untested subjects, let the
binary decision variable z;, (2}) € [0, 1] represent the proportion of untested symptomatic
(non-symptomatic) subjects that will be classified as positives. To facilitate the presentation,
we use boldface to represent the column vector forms of all variables, i.e., x* = [x] _ .

X =] 0Z =[2],qandz =[z] .. Ascreening strategy is thus fully characterized
by the 3-tuple (x, n, z) where x = [x, x'], n = [nf, n'], and z = [, z°].

Recall that our objective is to identify a screening strategy that maximizes testing accuracy
under a budget constraint. In particular, we consider a formulation in which a weighted sum
of the expected number of false negatives and false positives is minimized. This is formally pre-
sented in the following optimization problem:

M
minimize Z {XmEm [EN(x,n,z)] + (1 — A,,)E, [FP(x,n,z)] ‘%
x,nz m—1 T

subject to E[TC(x,n,z)] < B
K. x €[0,1], Vme M

z,z €[0,1] ,Vme M
ne{l,...,NF},n" €{1,...,N"},

where E [FN(-)], and E [FP(-)], E, [TC(-)] respectively represent the expected number of
false negatives, false positives, and testing cost per subject in category m. The weight A,,, €
[0, 1] is a user-defined weight parameter that emphasizes the importance of false negatives rel-
ative to false positives in category m. The objective is a weighted sum of two classification met-
rics that arise from both tested and untested subjects across all categories in proportion to
their population sizes. The first constraint set guarantees that the total expected cost is within
the given available testing budget, denoted by B € [0, 1], which represents the ratio of the num-
ber of available tests to the total population size. For example, B = 0.2 indicates that the current
budget allows 20% of the population to be individually tested.

Before introducing the expressions for the performance measures, it is necessary to define
L., J;»» and H,,,, which will be utilized in the subsequent performance measures (the detailed
derivation of these expressions can be found in Section B in S1 File):

L

m

" 1-1L,
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Since the derivation process of the performance measures is quite involved, we summarize the
final expression of the performance measures in the following proposition. Essentially, L,, rep-
resents the probability of a subject experiencing symptoms in category m, and J,,, (H,,,) denote
the probability of a subject in category m is infected, given the subject is showing (not show-
ing) symptoms.

Proposition 1. For a given screening strategy (x, n, z) and category m € M, the following
identities hold:

(i) The expected number of false negatives arising from category m, E_[FN(x,n, z)] is given by:
Em[FN(x7n7z)} :fFN(np)rmx‘[r;

[ (35, + (L= 2) (1= 1, ) (1= )1, + (1= 2)H, | (1 = ),

where

1—8p, ifn=1
fFr;(n) = { n—1 .
Se(1—Sp) — (1 — Sp)(Se+Sp— 1) (1 —r,)"", ifn>2.

(ii) The expected number of false positives arising from category m, E_ [FP(x, n, z)| is given by:
E,[FP(x,n,2)] = fi(n")(1 —r,)x,

[0 = B = 1)+ (fln) (1= 1,05, 4+ 2,00 =)0 = %)), | (1= ),

where the expression of fjr, is given by

) - 1 $p, ifn=1
T = el = 5p) (1= sp) (S Sp— DY =), iz

(iii) The expected number of testing cost arising from category m, E, [TC(x,n, z)| is given by:
E,[TC(x,n,2)] = fre(n")x], + gre(n)L, %, (1 = x],),
where

1, ifn=1

fre(n) = 1
;+Se— (Se+Sp—1)(1—r,)", ifn>2,

and

1 ifn=1
gl =9, (%+ 5e> +(1 —]m)(l + (% - Sp)(l - rm)’”>7 ifn>2.
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By substituting the expressions of these performance measures into the optimization
model, we present the Reactive Proactive Mass Screening (RP-MS) problem:

minimize A(n?) %" + (I — x*) Q(n")x’ + (I — ) V() (I — ") + (I — x*) ' C(z°)
subjectto A“(n?)'x” + (I — x*) Q°(n")x" < B
y(l—x2)>x , VmeM (RP-MS)
®o.x .z 2 €[0,1], VmeM

m? " 'm? “m? “m

ne{l,... . N}, ne{l,...,N'},

where I=[1,1,...,1] " is an all-one vector with M entries, A(#”) = [A,(#P), . . ., Ap(n)] T,
C(Z*) = [C,(2),...,Cy(2,)] and A°(n?) = [AS(n?), ..., A%, (n?)] . In addition, we define
diagonal matrices Q(n") = diag (Dy(n"), . . ., Dy(n")), Q“(n") = diag(D5(n"),. .., D5, (n")) and
V(z*) = diag (V,(2}), ..., Vy(z},)). To facilitate the presentation, a summary of the expres-
sions for A,,;,, C, AS,, Dy, DS, and V,,, can be found Section B.3.3 in S1 File. In RP-MS, the
first constraint ensures that the total testing cost remains within the given budget. The sec-
ond constraint, with y denoting a sufficiently large number, ensures that when x, = 1, x7,
converges to zero, and when x? > 0, this constraint becomes redundant. The purpose of
this constraint is to prevent infinite alternative optimal solutions: For example, when

xF =1, indicating that category m is fully tested through proactive screening, there are no
remaining subjects for reactive screening. In such cases, the value of x/, can vary between 0
and 1 while still maintaining the same objective value. It is observed that the objective func-
tion is composed of four components: Missclassifications resulting from: (i) proactive
screening (i.e., A(n”) ' xP); (ii) reactive screening (i.e., (I - x”) ' Q(n")x"); (iii) untested symp-
tomatic cases (i.e., (I — x*)" V(z*)(I — x7)), which is governed by 2 and (iv) untested non-
symptomatic cases (i.e., (I — x”)' C(z°)), which is governed by z°. In the next section, we will
analyze the specific structure of RP-MS to establish key properties which will then be uti-
lized to construct an efficient globally convergent solution scheme.

3 Structural properties and solution scheme

In its current form, Problem RP-MS is a mixed-integer nonlinear programming problem,
which is challenging to solve to global optimality [85]. The most straightforward approach is
to utilize off-the-shelf solvers. However, due to the non-convex nature of the problem and the
presence of discrete variables, commercial solvers may only converge to sub-optimal solutions
that are far from global optimality, or in some cases, they may even fail to converge. Addition-
ally, these solvers can experience issues such as stagnation, which are particularly common
when degeneracy is present, as observed in RP-MS. Therefore, in what follows, we attempt to
analyze Problem RP-MS and identify key structural properties which we use to construct an
efficient globally optimal solution scheme for Problem RP-MS.

To initiate the analysis, we observe that variable z, which represents decisions related to the
classification policies, introduces higher-order nonlinear terms in the objective function. Con-
sequently, the inclusion of z significantly increases the complexity. Hence, our first step is to
demonstrate that the optimal classification policies for both untested symptomatic cases (i.e.,
z ) and non-symptomatic cases (i.e., z{ ) can be predetermined for all categories m € M. We
summarize this result in the following lemma.
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Lemma 1. Let z', = [2°,, ' | denote the optimal classification policies for category m € M.
Then, for a given A,,, the optimal classification policy is given by:

Zsm = and Zin = .
0, otherwise 0, otherwise

Lemma 1 demonstrates that it is possible to determine the optimal classification policies
beforehand for any category m € M given A,,,. Upon examining this lemma, we observe that
the optimal classification policies for both symptomatic and non-symptomatic cases are always
integer values, specifically 0 or 1. In other words, it is never optimal to have a combination of
two classification policies for one category. This behavior is intuitive because we assume that
subjects within a given category are identical, making it illogical to have different classification
policies for the same subject. Next, we notice that the choice of a specific classification policy is
determined by a single parameter, such as J,, and H,,,. This is expected since, for example, the
classification policy for untested symptomatic individuals (z7) is dictated by J,,,, representing
the risk associated with untested symptomatic subjects in category m. When A,,, = 0.5, which
represents a scenario where both false negative and false positive errors are equally important
in category m, the condition for classifying untested symptomatic cases as positive is J,,, > 0.5.
This criterion is logical because if the risk associated with symptomatic cases exceeds 0.5, it
becomes optimal to classify these untested symptomatic cases as positive. On the other hand,
when A, = 1 (A, = 0) representing a scenario where the emphasis is only placed on false nega-
tives (positives), the condition J,,, > 0 (J,,, > 1) indicates that it is always optimal to classify
these untested cases as positive (negative) as no false negative (positive) errors would occur. A
similar analysis can be applied to non-symptomatic cases by noting that H,,, represents the risk
of non-symptomatic cases.

The decision variable n = [n”, n'], representing the testing scheme for proactive and reactive
screening, also amplifies the complexity of the problem. In particular, the introduction of
these integer decision variables not only results in higher-order non-linear terms but also
introduces discreteness into the problem, significantly increasing its complexity. However,
since the upper bounds for group sizes nf and n" are typically small (e.g., in the context of Poly-
merase Chain Reaction (PCR) testing, the dilution effect becomes negligible when the group
size is less than 10 [83, 84]), it becomes feasible to efficiently enumerate all possible combina-
tions of n” and n' to determine the optimal group size. Therefore, we propose to first fix the
group size. In conjunction with Lemma 1, this allows us to transform the problem into a con-
tinuous optimization problem. This transformation may enable us to leverage the extensive
theory of continuous programming. Let RP-MS(n, z*) denote Problem RP-MS for a given set
of group size n = [n*, n'] and the optimal classification policies z*. Solving a series of RP-MS$
(n, 2*) problems is equivalent to finding the optimal solution for the original RP-MS. There-
fore, in what follows, our objective is to develop an efficient solution scheme for RP-MS(n, z*).

Even for a fixed group size n and under the optimal classification policies z*, RP-MS(n, z*)
is a quadratically constrained quadratic program (QCQP) which still poses significant chal-
lenges. Observe that RP-MS(n, z*) has two quadratic terms (I — »” )" Q(n”)x" and
(I — x?) "V (2z*)(I — x") in the objective function. Similarly, the budget constraint also involves
a quadratic term (I — x* Y Q(n")x". Consequently, Problem RP-MS(n, z*) can be classified as a
bilinear program due to the presence of bilinear functions in the objective function and the
budget constraint. A bilinear function takes two variables and produces a result that is a linear
combination of those variables. In other words, it’s a function that is linear in each of its vari-
ables separately but exhibits a multiplicative interaction between the variables. Therefore,
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Problem RP-MS(n, z*) belongs to a subclass of QCQP, which is known to be an N'P-Hard
problem [86]. The existing literature offers a plethora of approaches. For instance, there are
methodologies specifically tailored for bilinear programs, such as cutting planes [87, 88] and
McCormick relaxation [89, 90]. Additionally, there are well-established methodologies for
solving QCQP using two main relaxations of QCQPs: Semidefinite programming (SDP) and
the Reformulation-Linearization Technique (RLT) [91, 92]. Nonetheless, these approaches suf-
fer from several computational limitations as the number of variables grows. For example,
when dealing with large-scale QCQPs, the computing time required to solve SDP relaxations
grows rapidly as the size of the problem expands. This rapid growth in computing time makes
it impractical to obtain optimal values of large-scale QCQPs within a reasonable amount of
time [93]. Similarly, the RLT approach necessitates a significant number of additional con-
straints and variables when applied to a large QCQP instance, rendering it computationally
prohibitive [92]. Furthermore, in practice, the budget level could vary over time. In such cases,
it may be necessary to solve Problem RP-MS(n, z*) repeatedly under different budget levels.
These computational limitations are further amplified when enumerating different combina-
tions of n” and n" to obtain the optimal solution of the original Problem RP-MS. Conse-
quently, in what follows, we leverage the structure of Problem RP-MS(n, z*) to identify key
properties which we use to construct an efficient custom solution scheme.

Before we delve into the detailed analysis, let us first simplify the notation in the objective
function, while keeping all the constraints unchanged, as they do not involve classification pol-
icies. Once the optimal classification policies z are determined, the performance matrix V(z’)
and the vector C(z°) become constants. Therefore, to streamline the analysis process, we com-
bine these two terms into A(n) and Q(n). Subsequently, the objective function of Problem
RP-MS(n, z*) can be expressed as:

minimize A(n,z") & + (I — %) Q(n,z")x’,

x

where A(n,z") = [A,(n,2),...,A,(n,z")] and Q(n,z") = diag(D,(n,z"),...,D,(n,z")).
The detailed expressions of A,, and D,, can be found in Section B.3.4 in S1 File. We first iden-
tify a theoretical upper bound on the budget that an optimal solution will never exceed. This
upper bound is formally presented in the following lemma.

Lemma 2. For a given A = [MA,,,], the optimal solution of RP-MS(n, z*) will never utilize a bud-
get greater than:

A, +D(n)-(1—t,(nz

Bns) = S [am e )

meM(n.z* L)

where
M(n,z", L) = {m € M : min {Am(n7z*|km),Dm(n,z*|km)} <0} CM,

and t,(n, z5|\,,) = LifA, (n,2*|),) < D, (n,2*|\,,), 0 otherwise for allm € M(n,z",L).
Lemma 2 establishes a theoretical budget upper bound for Problem RP-MS(n, z*). By con-
sidering all possible combinations of group sizes n = [#n", #’] and utilizing Lemma 2, we can

derive the budget upper bound for the original Problem RP-MS. This upper bound can be rep-
resented as B, = max, ., .y, B,(n,2") where N = {1,--- N’} and N" = {1,---,N'}. As
such, any additional budget on top of B, will never be utilized in the optimal solution of
RP-MS. Therefore, in the following analysis, we assume, without loss of generality, the given
budget is less than or equal to B, . Furthermore, observe that the budget is determined by the
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cost of the test design that achieves the best performance (i.e., lowest objective function coeffi-
cient) for each category. This is expected since when the budget is sufficient, it is optimal to
utilize the best performing design regardless of its cost. As such, when the given budget

B > B, (n, z), the optimal solution of RP-MS(n, 2) can be fully characterized, which we sum-
marize in Corollary 1.

Corollary 1. For a given A = [A,,], when B > B, (n,z"), the optimal solution of RP-MS(n,
z*) is given by:

X =1,x" =0, if t,(n,z|A,) =1,me€ M(n,z",\)
= x =0,x =1, if ¢,(n,z|\,,) =0,m e M(n,z", L)
X =0,x" =0, mg¢ M(n,z", L),

where
M(n,z",A) = {m € M :min{A, (nz|\,),D,(nz|A,)} < 0} C M,

and t,,(n, z5|\,,) = 1if A (n,2°|\,)) < D,,(n,z*|\,,), 0 otherwise for all m € M(n,z", X).

Corollary 1 highlights the unique structure of the optimal solution of RP-MS(n, z*) when
the budget becomes sufficient, emphasizing the significant impact of the budget level on the
optimal solution of Problem RP-MS(#, z). The results in Corollary 1 also provide decision-
makers with valuable insights regarding the most ideal screening strategy regardless of the test-
ing budget. Subsequently, we provide a lower bound on the budget below which the optimal
solution follows a special structure. This result is presented formally in Lemma 3.

Lemma 3. For a given A = [A,,)], define t, (n,z|A,,) = 1ifA, (n|A,,) < D, (n,z|A,), 0 other-
wise. The lower bound on budget for Problem RP-MS(n, z*) is defined as:

B,(n,z") = A, (n|),,) - t,(n,2"[A,) + D, (n|r, ) - [L — ¢, (n,2°%,)],

where m is given by:

A g D I\
m = argmin {M.tm(,,,mmHM. [1—tm("72*|7»m)]}>

meM(nz* L) Afn (n ‘ 7\‘m) - Din (np\’m)

and

7\’m)7Dm(n7z*

M(n,z" k) = {m € M :min{A, (n,z A} < 0} c M.

When B < B, (n,z"), the optimal solution of RP-MS(n, z*¥) is given by:

. B . B
X =——— -t (n,z'|A ,x’zi-[l—t n,z'|A }, if m=m
D R e R A S L L
X =x =0, otherwise.

Lemma 3 presents a lower bound on the budget and characterizes the optimal solution
when the budget falls below the lower bound B, (n, z*). Specifically, Lemma 3 indicates that
the variable with the lowest objective to the cost coefficient ratio (i.e., A, /A¢ or D, /D:,)
among all categories will be selected first when the budget is extremely limited. Having identi-
fied two budget thresholds and their corresponding optimal solutions, we will now discuss a
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more general scenario where the given budget falls between these two thresholds. We initiate
the analysis by identifying scenarios in which certain decision variables are guaranteed to be
equal to zero. This result is formally provided in the following lemma.

Lemma 4. For a given A = [A,,,] and any given budget B, the following two statements must
hold for the optimal solution of RP-MS(n, z*) for category m € M:
(I)IfA w2 ) nz\/m)andA (n,

A5 (nlhy,)  — Dy (nlr,,)

*In,) < D, (n,z"|\,,), then x/, = 0.

(i) If nsbn) > Daln V) gnd A (n, 2°[1,,) > D, (m, 2’|, then 28, = 0.

Lemma 4 establishes that, within a specific category m, the decision variable possessing
both the lowest objective-to-cost ratio and the lowest objective coefficient will dominate other
testing alternatives. This property is particularly valuable as it can be utilized to identify all
decision variables that are guaranteed to be zero beforehand. Therefore, this result can serve as
a preprocessing step for the solution scheme, allowing for a substantial reduction in the num-
ber of decision variables and facilitating the solving process. For instance, in our case study,
the preprocessing process eliminates around 30% of the decision variables beforehand, signifi-
cantly reducing computational times for the numerical experiment. Building upon Lemma 4,
we derive a fundamental structural property, which is summarized in Lemma 5.

Lemma 5. For any given vector h = [\,,,] and budget B, the optimal solution of RP-MS (n, z*)
can result in at most one category m having two distinct values at optimality (i.e., ¥ > 0 and
x> 0). In addition, this scenario can only appear within category
me F (n",z,L) UF,(n*,z,L\), where F,(n*,z, L) and F,(n", z,\) are defined as:

A, (n,z|\, )<D (n,z"
A (nlX,) — D:(nh,)

}'l(n*,z,x)—{mej\/l ) ,0>A, (nr,)>D,(nz

m>},

and

(n z'|\,,) S Dm(n,z* )
As(nl2,) — Di(nl2,)

7Am(n7 z|7\’m) < Dm(n’

F,(n",z,h) = {mEM z Km)<0}.

Lemma 5 demonstrates that the optimal solution of Problem RP-MS(n, z) can have at most
one category with two non-zero values. This behavior indicates that all categories, except for at
most one category, will employ only one testing design, which enhances the practicality of the
optimal solution. Based on this insight, we take advantage of the special property of Problem
RP-MS(n, z*) and the results in Lemma 5 to develop an efficient solution scheme for Problem
RP-MS(n, z*). This solution scheme is formally presented in the following theorem. To facili-
tate the presentation, we drop the term (n, 2*) from all the coefficients.

Theorem 1. For a given A = [A,,,] and budget B, the optimal solution of RP-MS(n, z*) will
sequentially select the category with the most negative ratio from the vector v = [vy, ..., val. The
vector v is initially defined as:

A, D A, D
v=|min{ =2 =L 0%,..., min{ =2 X 03].
Af Dy Ay Dy

Let 1 denote the selected category, where i = arg min,, {v, }. The optimal solution and value
of v;, will be updated as follows:

(i) Ifv, = A, /A%, then set x*, = min {1,B/A}andB = B — A5 x"' . IfA, < D,, then
update v, = 0, otherwise update v, = (A, — D;,)/(AS, — D5,).

m
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(i) If v,, = D,, /D%, then set x. = min {1,B/D’,} and B =B — D,x_ . IfD,, < A, then
update v, = 0, otherwise update v, = (A, — D;,)/(AS, — D5,).

(iii) If v, = (A,, — D,,)/(AS, —D5,) and A,, > D,,, then set x/, = 1,
¥ =1—min{1,B/(D, — AS)}, B= B — (D, — A% )x*,, and update v, = 0.

(iv) Ifv, = (A,, — D,,)/(AS, —DS,) and A,, < D, then set x = min {1, B/(AS, — D)},
B=B— (A%, — D.,)x"., and update v, = 0.

The procedure repeats until either the budget is exhausted or v, > 0.

Theorem 1 presents an efficient solution scheme for RP-MS(n, z*). The solution scheme
utilizes a dynamic greedy policy by taking advantage of its knapsack-style structure. The vector
v represents the optimal ratio of the objective function to the cost coefficient for each category.
It serves as a dynamic parameter that gets updated as the algorithm iterates. The underlying
concept is to identify the most negative ratio across all categories, which indicates the best test-
ing option for a particular category. Subsequently, the algorithm adjusts the performance ratio
and current budget level accordingly. This process continues until either the objective function
cannot be further improved through additional testing (i.e., v, > 0), or the budget is fully uti-
lized. Once the optimal solution for Problem RP-MS(#, z*) has been identified, we can pro-
ceed to enumerate all possible combinations of n in order to determine their respective
optimal solutions. By doing so, we can identify the optimal group size n*. Next, we conclude
this section by providing a consequent result from Theorem 1.

Corollary 2. For a given A = [A,,,] and budget B, the following two statements must hold for
the optimal solution of RP-MS(#n, z*):

Q). If A:f'é’nj;])")") < Dgf"(’:‘;‘)")") and A,,,(n, 2%|\,,) > D, (n, 2*|\,,,), x_, must be binary, i.e.,

x €{0,1}.

(). If2eirslbnl > Dulesln) and A, (n, 2*Ay) < D(n, 2[A,), &4, > 0 if and only if ], = 1.

Corollary 2 reveals some interesting behaviors of the optimal solution. First, Corollary 2(i)
indicates that when proactive testing for category m is more cost-effective, but reactive testing
yields better performance at a higher expense, the remaining subjects not tested proactively
will either remain untested entirely or undergo reactive testing altogether. Second, Corollary 2
(ii) states that if, in contrast, reactive testing for category m is more cost-effective, while proac-
tive testing has a better performing coefficient but more expensive, proactive testing will only
be considered if the untested subjects are being tested. This behavior is intuitive, as the testing
design with the superior cost-performance ratio is given priority initially. Subsequently, the
solution scheme transitions to the testing option that offers better performance, despite being
more expensive.

3.1 Model extension

In this section, we aim to extend RP-MS to a more general setting. In RP-MS, we implement a
uniform testing scheme for reactive and proactive screening across all categories

(ie.nf =nh =---=nh, =n’ andn} = n}, = --- = n}, = n"). However, given the existing het-
erogeneity across categories, it would be more realistic and beneficial to allow each category to
have its own tailored testing scheme. Introducing more customization might introduce chal-
lenges in executing the screening strategy, but it also holds the potential for further improve-
ments in reducing misclassifications. Therefore, in the following discussion, we attempt to

generalize RP-MS to incorporate different n? and n!, for each category m € M.
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By considering different testing schemes (n* = [n?] . andn” = [n ] _ ) into RP-MS,
the generalized RP-MS can be written as:

minimize A?) % + (I —x)" Q(n)x" + (I— ) V(z))(I — x') + (I — x*) ' C(2°)

xz,nf n"
subject to A(n?) %" + (I —x) Q(n)x” < B
y(1l—x)>x VmeM
x.x .z 2 €[0,1], YVme M

m) “m) “m

noe{l,...,Nt},n’ €{1,...,N'}.

The new optimization method retains the main structure of RP-MS, but introduces a modifi-
cation to the coefficient vectors/matrices (e.g., A(-) and Q(-)). Specifically, instead of being
determined by a single decision variable (i.e., #” or n") in RP-MS, the coefficient vectors/matri-
ces are now determined by a vector of decision variables (# or n"). This change will have an
impact on the previously established solution approach. In the previous approach, we solve the
problem by first fixing group sizes nf and »", and then solve a series of sub-problems of RP-MS$
for different combinations of #* and n". This approach was feasible due to the limited number
of two-dimensional combinations of #” and n” within the imposed upper bounds of N and N'".
However, with the incorporation of different schemes across categories, the domain of n* =
[n?] and n” = [n] | expands exponentially as the number of categories increases. For example,
in our case study, we consider over 3,000 categories. Assuming a constant upper bound of N
= N" = 10, there are 10**°*° scenarios to consider. Consequently, exhaustively exploring all
possible combinations becomes impractical for large instances. In what follows, we reformulate
the problem in a more tractable manner by introducing new decision variables.

Let u” and v" € [0, 1] represent the proportion of subjects in category m € M that are
proactively tested with group size n” and reactively tested with group size n". Let u = [u" | and
v = [v"] represent the vector form of the decision variables. Using the new defined decision
variables, we present the new optimization model, which we refer to as Customized Reactive
and Proactive Screening (CRP-MS) problem:

N Ny, N
minimize E {E A, (n)u” + E D, (n")(1— E u v
uv,z p— ) =1

1—Zm:u”" 1—Zv )+ C(z, I—Zv }

n"=1 n'=1

h N M,
subject to Z {ZA;(n”)uZ’ + D)1= ”ff)vfn'} =B

n'=1 nP=1
17214”" >va,Vm€./\/l (CRP-MS)
n'=1
N,
Zuf: <1L,VmeM
nP=1

N,
Y vi<1,YymeM

n'=1
u? v e [0,1], Ve {l,...,Ne},n € {1,...,N' },me M
Z .,z €1[0,1], Vm e M.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012308  August 14, 2024 18/41


https://doi.org/10.1371/journal.pcbi.1012308

PLOS COMPUTATIONAL BIOLOGY Proactive/reactive mass screening

CRP-MS exhibits a similar structure to RP-MS, while incorporating the addition of two new
constraints: The third (forth) constraint set guarantees that the total testing proportion for
each category through proactive (reactive) screening is less than or equal to one. Although
introducing these decision variables increases the number of variables, the advantages of this
reformulation method are multi-fold: First, it eliminates the discreteness associated with
group sizes. While there still remains discreteness due to the decision variable z, we will dem-
onstrate later that the optimal solution for z can be determined beforehand, ultimately trans-
forming CRP-MS into a continuous problem. Second, it reduces the order of the nonlinear
term from cubic to quadratic, resulting in a similar structure to RP-MS(#n, z*), for which a
solution scheme has been established. In what follows, we first show that the optimal classifica-
tion policies z* can be identified beforehand.

Lemma 1, which identifies the optimal classification policies for RP-MS(#n, z*), remains
valid for CRP-MS. This is because the optimal classification policy is independent of the
screening strategy, and modifying the decision variables related to the screening strategy does
not impact the classification policy. Consequently, Lemma 1 allows us to determine the opti-
mal classification policy z* in advance. As such, in the subsequent analysis, our objective is to
examine CRP-MS(z*), which represents CRP-MS for the given optimal classification policies
z*. Subsequently, the objective of CRP-MS(z*) can be expressed as follows:

No N, Nb
minimize Z {ZAm(np)uf: + me(n’)(l - Z uf:)vfnr] .

m=1 LnP=1 nr=1 nP=1

All the constraints remain the same since they are not influenced by the decision of classifica-
tion policies. The resulting problem now becomes a QCQP problem, which shares a similar
structure with RP-MS(n, z*). However, recall that there are two additional constraints intro-
duced in CRP-MS(z*) compared to RP-MS(n, z*), which ensure that the total test proportion
from different testing schemes for each category is less than or equal to one. The inclusion of
these additional constraints may require modifications in the previously established results
and render the solution scheme for RP-MS(n, z*) invalid. Therefore, in the following analysis,
we will examine the structural properties of RP-MS(n, z*) and determine if the results still
hold or if any modifications/assumptions need to be imposed to maintain validity. We will
then explore the possibility of generalizing the solution scheme of RP-MS(n, z*) to solve
CRP-MS(z").

To start with, we extend Lemma 2 and Lemma 3 to provide lower and upper budget bounds
for CRP-MS(z*) by incorporating slight modifications that take into account customized test-
ing schemes across counties. Then, Lemma 4, which presents a preprocessing procedure used
to efficiently eliminate decision variables, can be extended to accommodate CRP-MS(z*) as
well. As a result, we introduce the modified versions of Lemma 2 and 3 in Section D in S1 File.
However, the key structural properties presented in Lemma 5 and the solution scheme pre-
sented in Theorem 1 cannot be easily extended to the generalized model due to the complexity
of the new formulation, particularly the inclusion of additional constraint sets aimed at ensur-
ing the overall test proportion is less than or equal to one.

While the solution scheme for RP-MS(n, z*) cannot be directly simplified and applied to
CRP-MS(z"), Theorem 1 serves as a solid foundation and enhances our understanding of
CRP-MS. Building upon Theorem 1, we propose an efficient heuristic solution scheme for
CRP-MS, formally presented in Algorithm 1 (see Section E in S1 File. The core idea of Algo-
rithm 1 is to initially solve a relaxation of CRP-MS(2z*) without the set of test proportion con-
straints. This relaxation leads CRP-MS(z*) to have a similar structure to RP-MS(n, z*), for
which we have developed a solution scheme. Subsequently, the algorithm modifies the
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obtained solution that violates the removed constraints. In particular, Algorithm 1 incorpo-
rates two layers of modification to ensure the obtained solution from the relaxation adheres to
the feasible domain of the original CRP-MS, while striving to maintain the objective value as
much as possible. The first layer of modification examines all categories and ensures that the
total test proportion via proactive/reactive screening does not exceed one within each category.
The algorithm then proceeds to the second layer, where it determines the best performing test-
ing design for each category. Iterations continue until the obtained solution falls within the
feasible domain of CRP-MS. We later examine the accuracy and efficiency of the proposed
heuristic solution scheme by a comparative analysis with state-of-the-art solvers, as outlined in
Section 4. The numerical results obtained from this comparison demonstrate that the heuristic
solution scheme exhibits a substantial reduction in computational time while consistently
delivering high-quality solutions comparable to those obtained from commercial solvers. As a
result, it offers a more efficient approach to solving the problem at hand.

4 Numerical results: COVID-19 screening in the united states

In this section, our objective is to demonstrate the usefulness of our proposed methodology via
a case study on COVID-19 screening in the US. The COVID-19 pandemic has caused many
deaths and prolonged global economic disruptions. However, the research has indicated that
the virus is expected to persist and circulate within society in the foreseeable future due to the
emergence of new variants [95]. Therefore, it remains crucial for society to proactively equip
itself to effectively manage and mitigate the ongoing impact of the virus, while simultaneously
enhancing preparedness for future pandemic threats. On the other hand, there exists other
respiratory diseases that cause a host of similar symptoms as COVID-19. For example, the
most well-known and similar infectious disease is influenza (flu) and distinguishing between
COVID-19 and the flu can be challenging as both diseases share similar symptoms such as
coughing and fever. Hence, in this case study we consider a setting in which subjects exhibiting
symptoms are caused by COVID-19 and/or the flu. Compared to the flu, COVID-19 has a sig-
nificantly higher estimated R, value, which represents the basic reproduction number. This
measure is used to estimate the average number of new infections that can be generated by a
single infected individual in a susceptible population. For COVID-19, The Omicron variant of
COVID-19 has an estimated R, value that falls within the range of 5.5 to 24 [96]. In contrast,
the R, value for the flu is estimated to be between 1 and 2 [97], signifying that COVID-19 is
more infectious and poses greater challenges in terms of containment when compared to the
flu. Additionally, COVID-19 is more likely to cause long-term health implications than the flu
[98]. Therefore, implementing effective screening strategies to identify COVID-19 cases is
critical.

Due to the evolving nature of COVID-19 (e.g., the emergence of new variants), the overall
risk level fluctuates over time. For example, when a new variant emerges, there is typically a
surge in COVID-19 cases, leading to heightened levels of risk. On the other hand, flu activity
follows a seasonal pattern, exhibiting variations throughout different time periods. Conse-
quently, diverse and tailored screening strategies are necessary to effectively address these dis-
tinct scenarios, and comparing screening strategies for different scenarios can provide
additional valuable managerial insights. Therefore, this case study examines and explores two
datasets corresponding to two distinct scenarios. The first dataset, referred to as dataset I,
spans from 01/15/2022 to 01/22/2022, capturing a scenario characterized by a high risk of
COVID-19 and a low risk of flu. In contrast, the second dataset, dataset I, encompasses the
period from 11/28/2022 to 12/05/2022, representing a scenario where the risk of COVID-19 is
low while the risk of flu is high. The impact of COVID-19 and the flu, however, is not evenly

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012308  August 14, 2024 20/41


https://doi.org/10.1371/journal.pcbi.1012308

PLOS COMPUTATIONAL BIOLOGY Proactive/reactive mass screening

distributed across the population. For instance, Fig 1a and 1b illustrate the varying risk of both
diseases across different counties during two time periods, while Fig 1c and 1d capture the risk
of the flu across different states (due to data limitations, county-level data is not available for
the flu). These figures reveal significant heterogeneity across different geographic regions.
Analyzing geographic-based data can also offer valuable managerial insights, such as testing
scheme distribution and budget allocation. To this end, we employ the geographic-based data-
set for the case study, where each county represents a category, resulting in a total of 3, 143 risk
categories in the US.

To assess the risk of COVID-19 and flu in each county, we utilize publicly available data
from Coronavirus Resource Center at John Hopkins University of Medicine for COVID-19
[99], Centers for Disease Control and Prevention (CDC) for flu [100], census data from US
Census Bureau [101]. In order to obtain the number of active positive cases in each category,
we aggregate the newly reported positive cases over a period of seven days. This seven-day
period is selected because the CDC quarantine policy for the latest Omicron variant (as of 02/
03/2023) of COVID-19 recommends a seven-day quarantine period [102]. On the other hand,
the flu is typically contagious from six to eight days, leading to an average contagious period of
seven days [103]. Therefore, we consider infected cases for both COVID-19 and flu to remain
infectious for 7 days. However, due to under-reporting issues, this procedure of aggregation is
still limited in accurately estimating the active cases, as demonstrated by a number of studies.
[104-106]. For example, [104] have shown that the vast majority of COVID-19 cases (approxi-
mately 75%) are unreported. To overcome this limitation for COVID-19, we multiplied the
total number of confirmed cases in each category by a factor of four. Similarly, several research

(a) Dataset I COVID-19 Risk (b) Dataset II COVID-19 Risk

R“kw/ Risk
¢ 1.4%
10% 1.0%
8% 0.8%
6% 0.6%
2% 0.2%
Risk Risk
I 0.08% 0.4%
0.06% 0.3%
0.04% 0.2%
0.02% 0.1%
0% 0%

Fig 1. Risk of COVID-19 (county-level) and flu (state-level) in the US for dataset I (01/15/2022—01/22/2022) and II (11/28/2022-12/05/2022)
[generated by Plotly in Python [94]].

https://doi.org/10.1371/journal.pcbi.1012308.9001
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studies have utilized a multiplier approach to account for under-reporting of flu cases [107-
109]. For instance, [108] has demonstrated that, among 1.8 million to 5.7 million cases, only
40 thousands of cases are reported at the early influenza in the US, resulting in an average
under-reporting rate of 98.9%. Consequently, to account for the significant under-reporting of
flu cases, we applied a multiplier of 94 to the number of confirmed cases of flu. Due to its sea-
sonal nature and long history of circulation in society, it is expected that the flu has a higher
underreporting rate compared to COVID-19. After calibration, the estimated overall average
rates of COVID-19 (flu) for datasets I and II are 6.0% (0.03%) and 0.5%(0.17%) respectively.
To provide a clearer distinction between these two datasets, we present the risk heatmaps of
COVID-19 and flu for dataset I and dataset I in Fig 1. From the visualization, it is evident that
dataset I exhibits a considerably higher COVID-19 risk while dataset II presents a higher flu
risk.

Another set of important parameters includes the symptomatic rate of COVID-19 (i.e., the
probability of individuals infected with COVID-19 displaying symptoms) and flu (i.e., the
probability of individuals infected with flu exhibiting symptoms). According to the current
studies, the overall symptomatic rate of COVID-19 is approximately 55% to 60% [110]. As
such, we take the average and set the overall symptomatic rate of COVID-19 to be 57.5%. The
simplest and most straightforward approach is the one-size-fits-all method, which applies the
overall symptomatic rate to all counties uniformly. However, studies have found the evidence
of increased symptomatic rate with disease(s)/condition(s) compared to cases with no under-
lying medical conditions [111, 112]. It is intuitive that individuals with poor health conditions
have higher likelihood of developing symptoms, as they tend to be more susceptible to illness.
To account for variations in health conditions and obtain a more precise estimate of the symp-
tomatic rate for each county, we leverage a geographically-based dataset provided by the Cen-
ters for Disease Control and Prevention (CDC) [113]. This dataset encompasses the county-
level prevalence of specific underlying conditions associated with COVID-19 illness, such as
chronic diseases, diabetes, and heart diseases. By incorporating this valuable information
alongside an overall symptomatic rate of 64.9%, we can evaluate the symptomatic rate specific
to each county. The detailed calibration process is outlined in Section F in S1 File. With respect
to the symptomatic rate of flu, the estimated prevalence of asymptomatic cases for any type of
flu (such as influenza A, influenza B, etc.) is approximately 20% [114]. Individuals with under-
lying medical conditions like heart disease and chronic illnesses may indeed face a heightened
rate of hospitalization and mortality. However, there is limited evidence indicating a substan-
tially higher symptomatic rate for these individuals. This is especially true considering that the
overall symptomatic rate of the flu is already significantly high across the general population.
Therefore, we utilize 80% symptomatic rate for flu across all categories in this case study.

With respect to testing assays, there are two primary diagnostic tests for COVID-19 com-
monly used in practice: (i) the Reverse Transcription Quantitative Polymerase Chain Reaction
(RT-qPCR), and (ii) the Rapid Antigen Test (RAT). The RT-qPCR test has been the gold stan-
dard for diagnosing COVID-19 due to its high accuracy. However, its use is limited by its high
cost and the time required to complete the test. In light of these limitations, the Rapid Antigen
Test (RAT) has become increasingly popular in practice due to its fast turnaround time,
affordability, and acceptable accuracy. According to the broad scope of studies in the literature,
the test sensitivity of RT-qPCR and RAT ranges from 0.9 to 0.99 [115-117]. As such, in this
case study, we calculate the average and set the sensitivity to 0.95. On the other hand, the speci-
ficity of RT-qPCR and RAT is more consistent and ranges from 0.95 to 1, and thus is set to
0.97 [116, 118]. Lastly, to avoid the potential negative impact of the dilution effect (see Section
2), we set both upper bounds of the group size N¥ and N” to 10. This is because studies have
shown that the dilution effect becomes negligible when group sizes are less than 10 [83, 84].
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To define the user-defined parameters A = [A,,,], which represent the relative importance of
false negatives versus false positives, we set its value to the ratio of the cost of a false negative to
the total cost of misclassification. This can be calculated using the following formula:

}\’ _ WFN
- ’
WFN + WFP

where wry and wrp represent the cost of false negatives and false positives, respectively. How-
ever, there is no universally agreed method for evaluating the cost of false negatives and false
positives, as the evaluation process can be influenced by various factors such as data availability
and problem settings. With the main objective of demonstrating our model, we propose using
the average cost of hospitalizations as an estimate for the cost of false negatives in our case
study. This is because false negatives can increase disease transmission by leaving infected
individuals unaware of their infectious status, which can result in a higher hospitalization rate.
In addition, hospitalization rates are important indicators widely used by public health admin-
istrators to gain insight into disease progression and burden. The cost of hospitalization for
COVID-19 treatment can vary widely, ranging from 31, 339$ to 111, 213$ [119], due to various
factors. Firstly, the severity of illness plays a crucial role; for example, severe COVID-19 cases
often require complex and costly treatments. Hospital resources and capacity also affect costs,
especially in areas with high demand due to COVID-19 outbreaks, where strained resources
can lead to higher charges. Hospitals with advanced facilities or specialized services may also
charge more. Additionally, the length of a patient’s stay, influenced by disease severity, treat-
ment response, and the need for intensive care, can increase costs. Lastly, location and the
healthcare system’s structure mean costs can differ greatly between states. Based on this range,
the average cost of hospitalization for COVID-19 treatment is set to be 71, 276$. However, not
all false negatives will result in hospitalization as only individuals displaying symptoms are
likely to be hospitalized. To account for this, we will utilize the average state-level hospitaliza-
tion rates from CDC [120] during the periods of 01/15/2022 to 01/22/2022 and 11/28/2022 to
12/05/2022. Through these rates, we estimate the proportion of false negatives that are likely to
result in hospitalization for each state. As a result, counties from different states will have dif-
ferent A values due to varying hospitalization rates while counties within the same state will
share a common A. For example, the estimated hospitalization rates in Texas are 0.79% and
0.11% for the two time periods respectively (recall that dataset II has a lower COVID-19 preva-
lence rate). Using these rates, we can estimate the cost of a false negative to be 565.77$ and
78.41% in Texas for datasets I and II, respectively.

On the other other hand, false positives may require additional confirmatory tests. The
costs of COVID-19 testing assays vary depending on the type of testing conducted (e.g., PCR
and RAT). Each type of test incurs different costs, which can vary based on the supplies
required, demand, and accuracy levels. Consequently, we provide a price range for the various
testing assays offered by the testing facilities and laboratories. The reported ranges span from
$10 to $90 per test [121, 122]. Therefore, we set an average cost of 50$ per assay. Using the esti-
mated costs of false negatives and false positives, we can calculate different A values for each
state. For instance, in the state of Texas, A was found to be 565.77$/(565.77$ + 50%) =~ 0.92 and
78.41$/(78.41$ + 50%) ~ 0.61 for the two time periods, respectively. As observed, a lower hos-
pitalization rate (dataset II) leads to a decreased A value, indicating that false negatives become
less significant. This can occur when the disease has a reduced likelihood of causing severe
symptoms, which may be attributed to factors such as the emergence of new variants or the
attainment of herd immunity. Therefore, the cost of false negatives can be adjusted according
to the current hospitalization rate to reflect the changing severity of the disease. After calcula-
tion, the average values of A across all states are 0.91 and 0.69 for datasets I and II respectively.
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4.1 Performance comparisons

In our first experiment, we compare the performance of the proposed screening strategy with
that of conventional screening strategies. According to the guidelines provided by the World
Health Organization (WHO) [123], in the early stages of the COVID-19 pandemic, testing was
largely focused on individuals displaying symptoms of the disease [124]. As testing resources
became more available, the strategy shifted towards testing individuals with higher risks.
Therefore, we consider a conventional screening strategy, which involves two stages: (i) when
the budget is low (e.g., the early stage of the pandemic), the strategy relies on reactive screening
and saves tests for individuals showing symptoms, which fails to target sub-populations (i.e.,
symptomatic subjects are randomly tested); (ii) once all symptomatic cases have been tested
and there is excess budget, the strategy then prioritizes testing individuals in higher-risk cate-
gories. For testing schemes, the conventional strategy only involves individual testing and does
not incorporate group testing, which significantly limits the effectiveness of the screening
efforts. We believe that the conventional strategy we have considered closely resembles the
real-world testing strategy, even though it may perfectly align with what was implemented.

Fig 2 plots the percentage improvement of our proposed optimal strategy over the conven-
tional strategy across a wide range of budget levels for datasets I and II. In particular, the black
and grey line respectively represent the improvement for datasets I and II. The figure reveals
several interesting behaviors: First, it is evident that our proposed screening strategy
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Fig 2. Percent improvement of optimal screening policy (RP-MS) over conventional policy for dataset I (black line) and dataset II (grey line) as a
function of budget level, B.

https://doi.org/10.1371/journal.pcbi.1012308.9002
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consistently outperforms the conventional policy across the entire budget spectrum, as indi-
cated by the value of improvement above the x-axis. More interestingly, a bell-shaped pattern
can be observed and the peak improvement or bell-shaped trend occurs due to the following:
Initially, when B = 0, there is no distinction between the two methods. As the budget B
increases, our method starts to outperform the conventional approach. This improvement
continues until the budget reaches a point where it is sufficient for our strategy to potentially
test all subjects. Beyond this, any further increase in the budget doesn’t enhance our method’s
performance, which then plateaus, whereas the conventional policy keeps improving with
more budget. This leads to a peak in the rate of improvement, after which it declines. In addi-
tion, we observed improvements of up to 46% (when B = 0.5) and 52% (when B = 0.2) for data-
sets I and II, respectively. On average, there is an improvement of 21% and 27% for datasets I
and II, respectively. Lastly, it is important to understand why the most significant improve-
ments at different budget levels occurred for two distinct datasets. These datasets represent
varying scenarios: Dataset I with high COVID-19 but low flu prevalence, and Dataset II with
low COVID-19 but high flu. Therefore, the results indicate that a higher prevalence of
COVID-19 in Dataset I requires a larger budget to effectively test all potentially infected indi-
viduals, which is an intuitive outcome. Conversely, Dataset II, with fewer COVID-19 cases,
might necessitate a smaller budget to accomplish comprehensive testing.

The model assumes average values for various parameters, including the sensitivity (Se) and
specificity (Sp) of the test, as well as the costs associated with false negatives (e.g., the cost of
hospitalization) and false positives (e.g., the cost of an additional confirmation test). However,
the costs of false negatives and false positives ultimately influence the values of the weight
parameter A across different categories. Therefore, to assess the model’s robustness, we con-
duct a sensitivity analysis for these three parameters: Se, Sp and A = [A,,,]. In particular, accord-
ing to the broad scope of studies in the literature, the test sensitivity of RT-qPCR and RAT
ranges from 0.9 to 0.99 [115-117]. On the other hand, the specificity of RT-qPCR and RAT is
more consistent and ranges from 0.95 to 1 [116, 118]. Consequently, for our analysis, we con-
sider Se € {0.9, 0.95, 0.99} and Sp € {0.95, 0.97, 1}. In relation to A, the weight parameter A, for
each category m can be calculated by:

L= Wen _ Cy - h,
" Wey +Wgp Cy-h, +C

where wry and wgp represent the cost of false negatives and false positives, respectively. Here,
Cy is the cost of hospitalization, h,, represents the hospitalization rate for category m, and C;
denotes the cost additional confirmatory tests. We have specified the range for Cy as [31, 3398,
111, 213$], for C, as [10$, 90$], and h,,, is held constant at a certain time. It can be easily shown
that A,,, is increasing in Cy and decreasing in C;. Therefore, the maximum and minimum of

A, Which are denoted as &, and A, respectively, can be expressed as:

— 111,213 -h,
™ 111,213 - h, + 10

31,339k,
m 31,339k, +90°

and

We denote the vector form of As across different categories asx = [&, ], & = [%,] and
A = [A,], where A, represents the A,, calculated by the average costs. In the following sensitiv-
ity analysis, we consider A € {&,%,}.

For the sensitivity analysis, we compare the performance of proposed screening strategy
with that of conventional screening strategies under different parameter sets. As demonstrated
in Table 2, the performance of the optimal screening policy remains consistent across various
parameters. Notably, all improvements are positive, indicating that our solution consistently
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Table 2. Percent improvement of optimal screening policy (RPMS) over conventional policy across the entire budget spectrum for dataset I and dataset IT under Se
€{0.9,0.95,0.99}, Sp € {0.95,0.97, 1} and A € {k, %, 1 }.

Dataset I
Se Sp A A A
Average Maximum Average Maximum Average Maximum
0.9 0.95 4.95% 12.82% 8.41% 18.42% 22.20% 30.23%
0.9 0.97 4.91% 13.25% 7.14% 17.58% 12.84% 26.93%
0.9 1 4.96% 13.83% 5.88% 17.94% 8.17% 18.81%
0.95 0.95 22.31% 43.32% 29.30% 48.52% 34.86% 47.32%
0.95 0.97 23.55% 44.56% 25.81% 48.03% 25.96% 46.71%
0.95 1 25.16% 43.58% 21.68% 46.05% 22.11% 47.03%
0.99 0.95 45.70% 62.00% 49.09% 68.95% 47.80% 65.59%
0.99 0.97 45.22% 62.71% 40.19% 64.81% 46.95% 65.34%
0.99 1 43.48% 62.93% 49.32% 63.77% 44.03% 69.92%
Dataset 11
Se Sp N by A
Average Maximum Average Maximum Average Maximum
0.9 0.95 19.38% 32.67% 28.70% 39.19% 24.31% 37.82%
0.9 0.97 20.27% 33.34% 34.26% 47.36% 22.75% 38.41%
0.9 1 23.70% 40.09% 33.58% 48.12% 21.36% 39.66%
0.95 0.95 24.56% 35.98% 31.36% 43.41% 38.85% 44.32%
0.95 0.97 22.68% 43.41% 27.36% 51.89% 30.97% 47.53%
0.95 1 26.21% 44.87% 38.63% 56.43% 39.96% 49.21%
0.99 0.95 34.52% 49.97% 42.31% 56.10% 43.33% 60.10%
0.99 0.97 36.14% 59.26% 44.18% 62.29% 49.52% 61.78%
0.99 1 36.94% 58.39% 45.53% 60.56% 50.95% 63.39%

https://doi.org/10.1371/journal.pcbi.1012308.1002

yields enhancements across different scenarios. Furthermore, it is observed that, generally, as
the test efficacy improves (i.e., Se, Sp — 1), the magnitude of improvement becomes more pro-
nounced. This outcome is intuitive, as a more accurate test assay not only increases the accu-
racy of the group testing incorporated within our framework but also enhances the robustness
of our highly customized testing framework.

After highlighting the benefits of our screening approach, we will now explore the structure
of the optimal solution for RP-MS. The first important component of screening design is the
testing schemes. Recall that individual testing can be seen as a special case of group testing
with a group size of one in RP-MS. Fig 3 illustrates the optimal group sizes for proactive and
reactive screening at different budget levels. The black and grey lines in the figure correspond
to datasets I and II, respectively. The plot provides valuable managerial insights on selecting
the appropriate group size at different budget levels and reveals several valuable insights. First,
as shown in the plot, group testing is the preferred option for most budget levels as #”", n”~ > 2
for the majority of the budget spectrum. Second, we observe that the optimal group size gener-
ally decreases as the budget increases for both datasets. This trend is intuitive, as a larger group
size is used to expand testing capacity when the budget is low. However, as the budget
increases, a smaller group size is favored to improve screening accuracy. For dataset I, individ-
ual testing will eventually become more favorable for both proactive and reactive screening,
while for dataset II, individual testing will not be utilized even when the budget becomes
affordable. Since the A value for dataset II is low, indicating that false negatives are less
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Fig 3. Optimal group size of RP-MS for proactive screening (a) and reactive screening (b) as a function of the budget level B for dataset I
(black lines) and dataset II (grey lines).

https://doi.org/10.1371/journal.pchi.1012308.9003

concerning, individual testing provides a more favorable false negative rate, it does not become
the preferred option. Third, we observe that datasets I and II adopt opposite testing combina-
tions. In dataset I, proactive screening employs smaller group sizes, while reactive screening
utilizes larger groups. Conversely, in dataset II, reactive screening employs smaller group sizes,
while proactive screening utilizes larger groups. This behavior can be explained by noting that
these two datasets describe inverse scenarios for COVID-19 and flu.

4.2 Composition of the optimal solution structure across budget levels

The choice of reactive/proactive screening is an important aspect of the screening design. The
proportion of counties that are tested reactively/proactively with varying budget levels is illus-
trated in Fig 4. In particular, the grey and black bars respectively represent the proportion of
proactive and reactive screening with two datasets. The figure shows that the proportion of

(a) (b)

Y7 ——
I
o
33%
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06% 98% 99% 100% 100% 100% 100% Il Reactive
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09 1.0
Budget level (B) Budget level (B)

Fig 4. The proportion of reactive and proactive screening in the optimal RP-MS solution for dataset I (a) and dataset II (b), as a function of the
budget level B.

https://doi.org/10.1371/journal.pcbi.1012308.9004
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proactive screening increases as the budget level increases for both datasets. Therefore, the
optimal solution suggested by RP-MS is to prioritize proactive screening as the budget
increases instead of reserving testing budget for symptomatic cases. Furthermore, by compar-
ing the proportions of the two datasets, we can observe that when the budget is low, dataset II
has a significantly higher proportion of reactive testing than dataset I. This is not surprising,
given that dataset II has a higher flu prevalence rate and the flu has a higher symptomatic rate,
resulting in a higher overall number of symptomatic cases. Under this scenario, reactive
screening is preferred when the budget is low, and the strategy should swiftly shift to proactive
screening as the budget increases. On the other hand, for dataset I, the majority of counties are
tested proactively. This observation aligns with the significantly high prevalence rate of
COVID-19 within the dataset, since proactive screening is more effective in controlling the
disease. As the budget becomes sufficient, proactive screening will be utilized for all counties
in dataset I. However, in the case of dataset II, reactive screening will still remain the preferred
strategy for some counties with higher symptomatic rates, even as the budget increases.

4.3 Optimal testing design and budget allocation across geographic regions

Considering that the dataset is geographic-based, we can leverage this characteristic to explore
the structure of the optimal solution in correlation with different geographic regions. In what
follows, we conduct an analysis under a specific budget level of B = 0.1 which represents a sce-
nario where the budget is limited. Regarding the dataset selection, Fig 4 illustrates that dataset
IT displays a more noticeable distinction in the proportion of reactive and proactive behaviors.
Therefore, we select dataset II for this analysis. However, we emphasize that this analysis is for
demonstration purposes only, and similar analyses could be conducted on different datasets or
with different budget levels. Fig 5 illustrates the improvement of RP-MS over conventional

Improvement(%)
>100

80

60

40

20

0

Fig 5. Percent improvement of optimal screening policy (RP-MS) over conventional policy across 3,143 counties in the US when B = 0.1 for dataset IT
[generated by Plotly in Python [94]].

https://doi.org/10.1371/journal.pcbi.1012308.9005
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screening strategies across 3,143 counties, with darker green colors indicating higher levels of
improvement. Note that Fig 5 serves for illustrative purposes and similar analyses can be
undertaken across different budget levels and datasets. Fig 5 unveils several enlightening find-
ings. Firstly, it shows positive improvements across all counties, demonstrating that our solu-
tion enhances overall performance without negatively impacting specific counties compared
to the conventional strategy. Secondly, comparing Fig 5 with Fig 1b reveals a trend: The opti-
mal strategy yields more significant improvements in counties with higher risk levels. This sug-
gests that our framework recommends prioritizing counties with greater risk levels, which is a
logical approach for mitigating disease transmission by focusing on high-risk areas. This
underscores the critical need to account for the heterogeneity of the population in devising
intervention strategies.

The geographic-based data can capture managerial insights regarding the distribution of
screening strategies. Fig 6 presents a heatmap of the U.S. depicting the distribution of reactive
and proactive screening choices across different counties. Counties subject to proactive (reac-
tive) testing are denoted by the color purple (yellow), while those subjects are not tested are
denoted by the color green. The figure unveils several intriguing patterns and offers valuable
managerial insights. First, the figure shows that a majority of counties are tested even when
budgets are limited, as shown by the majority of counties highlighted in yellow or purple. This
can be attributed to the implementation of group testing, where an optimal group size of

M Proactive O Reactive M No Testing

Fig 6. Distribution of the optimal reactive/proactive screening across counties in the U.S. under the budget level B = 0.1 for dataset II by RP-MS
[generated by Plotly in Python [94]].

https://doi.org/10.1371/journal.pcbi.1012308.9006
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n”" =8and n” = 4 are utilized (see Fig 3), significantly expanding screening efforts. Second,
the counties that have not been tested, highlighted in green, have a remarkably low prevalence
rate of both COVID-19 and flu in Fig 1b and 1d. This observation suggests that the counties at
higher risk are prioritized for testing, which is intuitive. Third, we observe a mix of proactive
and reactive screening strategies for tested counties (highlighted in purple and yellow). As
observed in Fig 1b, counties with higher prevalence rate, like those in New Mexico and Ari-
zona, are more likely to benefit from proactive testing. This approach remains favored in these
areas, irrespective of their flu rates. For example, despite its high COVID-19 prevalence and
lower flu rates, Arizona, alongside California and New Mexico, which also report high
COVID-19 but low flu rates, consistently sees recommendations for proactive screening. This
aligns with expectations, as proactive strategies are typically more effective in high-risk areas,
helping to curb the disease transmission. Conversely, regions like Washington and Montana,
where flu prevalence is high but COVID-19 prevalence is low, are more inclined towards reac-
tive testing strategies. This is logical since areas with significant flu activity often experience
higher symptomatic presentations, necessitating reactive screening to differentiate between flu
and COVID-19 symptoms. In conclusion, this numerical analysis offers valuable insights into
the strategic allocation of screening strategy, emphasizing the benefits of tailored proactive and
reactive approaches based on local prevalence rates. Furthermore, we should anticipate a
greater emphasis on proactive screening as the overall prevalence increases. While our findings
provide a intuitive insights for decision-makers, the precise design of mass screening programs
should be generated by using optimization models.

The geographic-based data can also provide crucial managerial insights regarding
budget allocation. In Fig 7, we visualize the state-level allocation of budgets per capita, as the
more detailed county-level allocation may not be the most practical option for decision-mak-
ers. In particular, the depth of color represents different levels of budget allocation, with darker
colors indicating higher values. Comparing it to Fig 6, we observe that states adopting proac-
tive screening (e.g., southwestern areas) receive higher budgets compared to those adopting
reactive screening (e.g., South and North Carolina). This is because proactive screening gener-
ally incurs higher costs than reactive screening, as the latter targets symptomatic cases, which
are typically fewer in number compared to non-symptomatic cases. Therefore, counties that

Budget
0.20

0.15

0.10

0.05

Fig 7. Optimal state-level budget allocation per capita across the US when B = 0.1 for dataset II by RP-MS
[generated by Plotly in Python [94]].

https://doi.org/10.1371/journal.pcbi.1012308.9007
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implement proactive screening, especially those with higher COVID-19 risks (as shown in
Fig 4), require additional testing budget.

4.4 Analysis of generalized model CRP-MS

After conducting a comprehensive analysis and examining the performance and solution
structure of RP-MS, we now turn our attention to investigating the generalized model
CRP-MS. In comparison to RP-MS, CRP-MS offers increased customizability, allowing for
the implementation of tailored testing scheme to each category. While this high level of cus-
tomization might present practical challenges, it has the potential to further decrease classifica-
tion errors. Hence, it is crucial to examine the the potential improvements in performance that
can be achieved through increased customization and quantify the trade-offs between practica-
bility and performance.

Before delving into the performance analysis of CRP-MS, we first evaluate the efficiency
and accuracy of the proposed heuristic solution scheme presented in Algorithm 1 and compare
it to commercial solvers. Table 3 presents the performance comparison between our proposed
heuristic solution scheme and Gurobi [125] in terms of optimal objective values and computa-
tional time. To prevent the scenario in which the solver fails to converge to an optimal solu-
tion, we have set an upper time limit of 2 hours (7200 seconds). Upon examining Table 3, it is
evident that our heuristic solution consistently delivers similar performance to Gurobi for
dataset I and even outperforms Gurobi for dataset II across various budget levels. The reason
for the significant improvement for dataset II is primarily due to Gurobi’s inability to converge
within the time limit. Additionally, we observed that the heuristic solution significantly
reduces computational time compared to Gurobi. This computational advantage becomes par-
ticularly evident in dataset II. One possible explanation is that in dataset I, a substantial num-
ber of variables can be eliminated during the preprocessing procedure. On the other hand,
dataset IT comprises a larger number of competitive testing options that need to be considered.
Consequently, more variables remain in the solver system after the preprocessing procedure,
resulting in a significant increase in computational time. Another interesting behavior is
observed in dataset I, where the computational time becomes faster when the budget exceeds
the upper bound (e.g., B > 0.5 for dataset I). This can be attributed to the relaxation of the bud-
get constraint, allowing the solver to more efficiently find solutions within the relaxed con-
straint and thus leading to faster computation time. In summary, our proposed solution
scheme not only delivers superior solution quality compared to the commercial solver, but

Table 3. Performance comparison, in terms of optimal objective values and computational time, between the proposed heuristic solution and Gurobi 10.0 for

CRP-MS with two datasets.

Dataset B

I 0.1
0.3
0.5
0.7
0.9
II 0.1
0.3
0.5
0.7
0.9

https://doi.org/10.1371/journal.pchi.1012308.t003

Objective Value Time
Gurobi 10.0 Heuristic Gurobi 10.0 Heuristic
1.78% 1.78% 311s 1s
0.82% 0.84% 633s 1s
0.24% 0.27% 42s 3s
0.22% 0.22% 30s 5s
0.22% 0.22% 30s 7s
1.19% 0.85% 7200s 1s
0.26% 0.38% 7200s 2s
0.30% 0.28% 7200s 3s
0.30% 0.28% 7200s 5s
0.30% 0.28% 7200s 8s
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also demonstrates enhanced stability across various datasets, offering significant computa-
tional advantages. These computational benefits are particularly pronounced when dealing
with larger problem instances that involve more categories or testing options.

Next, we compare the performance of CRP-MS with RP-MS across different budget levels.
Fig 8 describes the percent improvement of CRP-MS over RP-MS with two datasets as a func-
tion of budget levels B. In particular, the black and grey line respectively represent the percent
improvement for datasets I and II. The figure reveals several insightful results: First, CRP-MS
consistently outperforms RP-MS across the entire budget spectrum. This result is expected,
considering that RP-MS can be treated as a specific case of CRP-MS by imposing #} = n} =
-+ =mnhand n) = n, = --- = n’,. Secondly, the improvement steadily increases with an
increment in the budget and eventually reaches a steady state. This trend arises due to the lim-
ited flexibility of RP-MS when the budget is low, as there is little room for customization.
However, as the budget increases, the advantages of personalized testing schemes become
more pronounced, leveraging the available resources more effectively. This trend continues
until the budget reaches its upper limit, achieving the maximum improvement and settling
into a steady state. At this point (B ~ 0.6), additional budget allocation does not lead to further
performance enhancement as the optimal performance has already been attained. To summa-
rize, the utilization of CRP-MS yields an average improvement of 18% and up to 14% over
RP-MS across two datasets. These results offer valuable insights to decision-makers, enabling
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Fig 8. Percent improvement of CRP-MS over RP-MS for dataset I (black line) and dataset II (grey line) as a function of budget level, B.
https://doi.org/10.1371/journal.pcbi.1012308.9008
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them to assess the trade-offs associated with customization and practical considerations. For
instance, in scenarios with a low budget (e.g., B = 0.2), decision-makers have the option to pri-
oritize performance over practicality. By incorporating more customization, they can achieve
an additional 10% reduction in the misclassification rate. Overall, it is advantageous to adopt
RP-MS due to its ease of practical implementation when the budget is limited. As the testing
budget becomes more available, transitioning to CRP-MS yields greater benefits.

Lastly, we investigate the optimal solution structure of CRP-MS across geographic regions.
Note that the following analysis can also be conducted for varying budget levels and datasets.
In order to make a comparison with the analysis of RP-MS, we conduct the analysis under the
same parameter setting as discussed in Section 4.3. First, similar to the findings presented in
Fig 6 for RP-MS, we illustrate the distribution of proactive/reactive screening for dataset II
when the budget B = 0.1. Fig 9 shows the distribution of proactive/reactive screening of
CRP-MS, and the overall trends remain consistent with those observed in Fig 6. To demon-
strate the customization of testing schemes, Fig 10 illustrates the distribution of testing
schemes across counties as determined by CRP-MS via a heatmap. In particular, individual
testing is denoted by the color red, while counties without any testing are depicted in light
gray. Counties subjected to group testing are represented using a color gradient, where the hue
varies based on the optimal size of the testing group. The figure clearly demonstrates that the
testing schemes vary significantly across different counties. Combining the information from
Fig 10 with Fig 9, we observe that, in general, the model tends to utilize group testing in proac-
tive screening and individual testing in reactive screening. This approach makes sense since
proactive screening generally incurs higher costs than reactive screening, and adopting group
testing can significantly expand screening efforts. Furthermore, we notice that among counties
that are tested through group/reactive screening, counties with higher COVID-19 prevalence
(e.g., New Mexico) tend to adopt smaller group sizes to ensure screening accuracy. This find-
ing indicates that counties with a higher burden of COVID-19 prioritize accuracy over cost-
effectiveness when implementing group testing strategies.

M Proactive OReactive B No Testing

Fig 9. Distribution of the optimal reactive/proactive screening across counties in the U.S. under the budget level
B = 0.1 for dataset II by CRP-MS [generated by Plotly in Python [94]].

https://doi.org/10.1371/journal.pcbi.1012308.g009
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Fig 10. Distribution of the optimal testing schemes across counties in the U.S. under the budget level B = 0.1 for
dataset IT by CRP-MS [generated by Plotly in Python [94]].

https://doi.org/10.1371/journal.pchi.1012308.9g010

5 Discussion: Conclusions and future research directions

In this paper, we study the problem of designing an optimal mass screening strategy to mini-
mize classification errors. The proposed framework incorporates proactive and reactive
screening and determines the portion of the budget to target sub-populations and the budget
to screen symptomatic cases under limited testing budget. In addition, the framework consid-
ers various testing schemes, population heterogeneity and imperfect tests. By analyzing the
structure of the formulations, we first enhance the tractability of the resulting problem by
transforming it into a more tractable bilinear optimization problem. Subsequently, we take
advantage of the special knapsack style structure of the resulting problem to identify key struc-
tural properties. Utilizing one of these properties as a preprocessing step enables us to elimi-
nate a significant number of decision variables in advance, greatly reducing computational
expenses. Moreover, these identified properties serve as the foundation for constructing an
efficient solution scheme that guarantees its global optimality. Furthermore, we extend the
model by integrating tailored testing schemes across categories and present a highly efficient
heuristic solution algorithm. The numerical experiments provide compelling evidence of the
heuristic solution scheme’s effectiveness when compared to commercial solvers. We conduct a
case study employing real-world COVID-19 data. Our findings demonstrate a substantial and
consistent improvement over conventional screening strategies. Moreover, the numerical
results obtained from our study offer decision-makers invaluable managerial insights into
optimizing the distribution of proactive and reactive screening, as well as budget allocation
across various regions. Lastly, we evaluate the performance of the generalized model and
engage in a discussion regarding the balance between customizability and practicality.

This work can be expanded in several exciting directions. First, a possible extension is the
incorporation of additional testing schemes, such as array-based and multi-stage group testing.
Although implementing these extensions in practice may be more complex, they have the
potential to enhance the classification accuracy of the screening strategy. By including these
testing schemes, we can further refine and improve the accuracy of our screening strategy. Sec-
ond, another research direction is to consider the availability of different testing assays. The
resulting framework would become more customized, especially when dealing with a hetero-
geneous population. For instance, it may be more beneficial to proactively test individuals
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using an assay with higher accuracy and reserve the assay with lower accuracy. Third, it would
be beneficial to integrate the decision problem of defining the sub-populations directly into
the framework, rather than pre-defining the sub-populations in advance. Lastly, the proposed
framework can be extended to a dynamic problem by incorporating the time component. This
is challenging as it requires integrating epidemiological models such as the SIR model within
an optimization framework, thereby resulting in a multi-stage optimization problem. We hope
this work establishes the groundwork for proactive/reactive screening strategies and inspires
further research in the aforementioned areas.
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