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ABSTRACT

Testing is one of the key tools in public health surveillance. Of-
ten testing resources are limited, and pooled testing emerged as
a viable strategy during the COVID outbreak, for early detection
of the outbreak or clearing the most number of individuals (maxi-
mum “welfare”). Here, we study the problem of selecting pools for
testing which maximizes welfare. However, this problem is a very
challenging optimization problem because the infection status of
individuals can be correlated. Prior work on choosing pools has
ignored network correlations.

We design an efficient approximation algorithm for this problem,
using techniques from stochastic and combinatorial optimization:
sample average approximation, linear programming and random-
ized rounding.We further speed up our algorithms using techniques
for combinatorially solving the linear program. We evaluate our
method on multiple networked datasets, including one derived
from a hospital, and show significant benefit in modeling network
correlations.
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1 INTRODUCTION

Testing has always been recognized as one of the key tools in public
health surveillance [1, 4, 13, 20, 28], and many other areas, such as
infrastructure networks and social networks which involve spread-
ing processes [14, 18, 21]. During the COVID-19 pandemic, rapid
testing was one of the main strategies in controlling infections,
e.g., [19, 23, 25]. This was particularly crucial because of asymp-
tomatic infectiousness of COVID-19.

Many types of objectives have been studied in the context of
surveillance, such as (1)maximizing the probability of detection [21],
(2) minimizing the delay in detection [12, 21], and (3) clearing the
most number of uninfected patients (referred to as welfare maxi-
mization) [10, 22]—this was motivated by the need for a negative
test result to get back to normal activities during the pandemic,
e.g., [10, 22, 29]. In the early part of the pandemic, there was a severe
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shortage of resources for testing, such as personnel, lab equipment
and chemical reagents (e.g., for the RT-PCR test) [9, 17, 24]. This mo-
tivated the classical “pool testing” strategy, first proposed in 1943 [5]
(also referred to as group testing): samples from multiple individu-
als are combined into a single test for a specific pathogen [9, 24]. If
the test returns negative, then every individual within the pool is
cleared of the disease, otherwise, it is an indicator that at least one
individual within the pool is infected.

Designing testing strategies which optimize these objectives
within given resource constraints are challenging problems. Effi-
cient algorithms are known for the first two objectives (detection
probability and delay) [12, 21], but the welfare maximization prob-
lem remains poorly understood. [10] design algorithms for welfare
maximization in the simplified setting where there are no corre-
lations between infections among individuals. As we show here,
ignoring network correlations can significantly impact the maxi-
mum welfare.

In this paper, we study the problems of selecting pools for maxi-
mizing the welfare of a population (the MaxWelfare problem). In
this settings, we consider the diseases spreading across a known
contact network contact network. Our contributions are summa-
rized below.

• We show that ignoring network correlations, as in [10], can
have a significant impact on both the maximum welfare and
minimum detection delay. We also show that errors in the
model of epidemic spread can also have a significant impact
on the optimal strategies (Section 4).
• We develop bicriteria approximation algorithms for these
problems (Section 5), using stochastic optimization tech-
niques, with rigorous worst case performance bounds. While
these are polynomial time algorithms, they require solving
large linear programs (LPs), and do not scale for large net-
works. Using multiplicative weights based combinatorial
techniques for solving LPs [34], we show that our algorithms
can be scaled by multiple orders of magnitude, without de-
grading the performance.
• We provide experimental results on three real world net-
works (including a contact network constructed using Elec-
tronic Health Record data from a Virginia academic hospital)
for both our traditional and 𝜖-approximation algorithm. We
show that the practical performance of our algorithms is
better than the worst case bounds we show in our theo-
retical analysis. While our sample average approximation
technique based analysis requires Ω(𝑛2 log𝑛) simulated dis-
ease cascades over a graph of size 𝑛, we show in practice that
a linear number of sampled cascades is sufficient, allowing
us to scale to much larger problem instances. Our multi-
plicative weights based algorithm also has good practical
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performance, and scales to large instances. Our results show
that in real instances also, ignoring network correlations
has a very significant impact on the welfare, matching our
theoretical bounds. We also find that errors in the disease
model decrease calculated welfare at a linear rate, and that
there is a diminishing returns effect of increasing the pool
size.

2 RELATEDWORK

The idea of pooling multiple samples together within a single test
was first proposed in Dorfman [6]. In this initial work, Dorfman
finds the percentage cost savings in ascertaining the exact infection
status of all individuals based on the disease prevalence within
the population when compared to using individual tests for each
member of the population of interest. These savings in reduced
total test numbers require an accurate estimation of disease preva-
lence, however, which is often an unknown quantity in real world
epidemic settings.

[22] and [15, 16] examine a different problem, proposing a dual-
objective optimization problem ofminimizing the spread of a pathogen
throughout a population while also minimizing the number of un-
infected individuals placed in quarantine, all while given a fixed
testing budget. These works considered the heterogeneity within
the population, assigning both factors that correspond to the likeli-
hood of an individual being infected as well as a cost to self isolation
that differs between different professions within a population.

[10] is the first work that limits themaximum group size based on
practical lab limitations and rather looks to clear individuals from
quarantine, maximizing the sum population utility of individuals
that are cleared given a set of pooled tests. This work was borne
from a real-world experiment performed at the Potosinian Institute
for Scientific and Technological Research in San Luis Potosí, Mexico.
Lock et al. also explore the theoretical improvement of overlapping
pool tests compared to the practical limitations of using a single
sample across multiple tests, bounding the maximum improvement
in expected welfare.

Pool testing has been applied in other domains such as industrial
testing, experiment design, coding theory [7] with several variants
considered [2]. There has been renewed interest in this topic in the
context of COVID-19 [31]. [27] consider the objective of minimizing
the pooled testing efficiency, which is measured by the ratio of the
expected number of correct classifications to the expected number
of tests performed and use simulated annealing to solve this prob-
lem. [3] propose two-step sampled group testing algorithms with
provable guarantees for an infection model on random connection
graphs. Our work, unlike the above, provides guarantees for pooled
testing on arbitrary graphs.

Our algorithm assumes that a potential network over which an
epidemic might spread is known or learnable. This assumption may
not always hold, where active learning has shown to be effective
on only partially observed graphs[11, 30].

3 PRELIMINARIES

We assume a discrete time SIR model on a graph 𝐺 = (𝑉 , 𝐸), in
which the disease spreads from an infectious node𝑢 to a susceptible
neighbor 𝑣 ∈ 𝑁 (𝑢) with probability 𝑝𝑢𝑣 , independently, for exactly

Figure 1: An example contact network and sampled cascades.

𝐻1 has node 𝑢1 as the source of the infection (infected at

𝜏 = 1), spreading the infection to 𝑢2 at time 𝜏 = 2 and to 𝑢4
at 𝜏 = 3. 𝑢3 and 𝑢5 are uninfected. Similarly in 𝐻2, we have

𝑢5 as the source of our infection, 𝑢3 and 𝑢4 infected at time

𝜏 = 2, 𝑢2 infected at time 𝜏 = 3. Node 𝑢1 is uninfected in this

cascade.

one time step. Each infected node 𝑢 then enters the recovered state
on the next time step. For a node that enters the recovered state at
time 𝜏 , the node will still test positive until time 𝜏 + ℎ - this reflects
the waning immunity to a disease that occurs, with the duration of
ℎ depending on the specific pathogen that has been recovered from.
Let src ⊂ 𝑉 denote a set of sources for an outbreak; the sources
could also be random. A cascade 𝐻 (also referred to as an outbreak)
is a random subgraph of 𝐺 on which the disease spreads, starting
at the subset src. Figure 1 shows examples of the SIR process and
cascades in the graph.

As in [10], a pool test 𝑡𝑆 corresponds to a subset 𝑆 ⊂ 𝑉 of nodes,
which are tested in a pooled manner. If the test is given at time 𝜏 , the
test will return positive if any node 𝑣 ∈ 𝑆 entered the Infected state
in the interval [𝜏 − ℎ, 𝜏]. Otherwise, the test will return negative,
meaning all nodes 𝑣 ∈ 𝑆 are either in the Susceptible state or
entered the Recovered state at time 𝜏 ′ < 𝜏 − ℎ. We assume there
is a bound 𝑛𝑝 on the number of potential samples that can be
combined into a single pool. A test 𝑡𝑆 which results in a negative
result clears all the nodes 𝑣 ∈ 𝑆 simultaneously. Let𝑚𝑆 denote the
set of all possible 𝑛𝑝 -subsets of𝑉–this corresponds to the potential
set of pools that can be tested. Let 𝑇 ⊂ 𝑚𝑆 be a set of pooled tests
selected. Let 𝑇 − denote the subsets of pool tests which came out
negative, i.e., each test 𝑡𝑆 ∈ 𝑇 − is reported as negative. Each test
𝑡𝑆 ∈ 𝑇 + = 𝑇 \ 𝑇 − had a positive individual, and the result of the
pool test is positive. Let𝑊 (𝑇 ) = ∪𝑡𝑆 ∈𝑇 −𝑆 denote the set of nodes
cleared by 𝑇 .

We assume each individual 𝑖 ∈ 𝑉 has a utility 𝑤𝑖 if they are
cleared by a set of tests 𝑇 , meaning 𝑖 ∈𝑊 (𝑇 ). Here, we study the
welfare maximization problem (MaxWelfare) [10], where the goal
is to maximize the sum of the utilities of individuals cleared by
the pool tests. We make a strong assumption that the tests are all
done within a short time scale, which is negligible compared to the
disease spread. This is formally defined below.
The MaxWelfare problem. Given a graph𝐺 = (𝑉 , 𝐸), a disease
model𝑀 = (p, src, ℎ) (which specifies the transmission probability
and sources), pool size 𝑛𝑝 , a budget 𝐵, and current time step 𝜏 ,
choose a set of pools 𝑇 = {𝑆1, . . . , 𝑆𝐵} such that

∑
𝑖∈𝑊 (𝑇 ) 𝑤𝑖 is

maximized.
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Example. In Figure 1, we see an example contact network and two
sampled cascades. If we are considering the MaxWelfareproblem,
we assume 𝑛𝑝 = 2 and 𝐵 = 2, then we can test two pools with
a maximum size of two. An example set of tests would be 𝑇 =

{𝑢1, 𝑢2}, {𝑢3, 𝑢5}. We can see that in the first cascade, the first pool
tests positive and the second pool tests negative, while in the second
cascade both pools test positive. Thus, our expected number of
clearances is going to be (2 + 0)/2 = 1.

Note that we assume 𝑛𝑝 · 𝐵 ≪ 𝑛, the number of nodes in the
graph, making us unable to test all potential patients within the
graph.

4 SIGNIFICANCE OF NETWORK

CORRELATIONS AND DISEASE MODEL

We show that information about correlations in disease states due
to network correlations, and about the disease model have a signif-
icant impact on the performance of pool testing. Not considering
these components, or uncertainty about them can have a significant
impact on the performance.
Importance of network correlations. [10] assumes infection
independence in maximizing the welfare of a given population.
However, in specific spread settings, we make the following claim:

Theorem 4.1. There exist instances where an optimal solution
using the methodology in [10] ignoring network correlations provides
welfare 𝑜 (𝑛), while the optimum is Θ(𝑛).

Proof. To prove our result, we present an example (see Fig-
ure 2) to illustrate the effects of network structure on pool design.
Let 𝐺 (𝑉 , 𝐸) be a graph where 𝑉 = 𝑋 ⊎ 𝑌 ⊎ {𝑠}, where 𝑋 induces a
clique, 𝑌 induces an independent set and 𝑠 is a special node that is
adjacent to all nodes in 𝑌 and exactly one node 𝑣 in 𝑋 . All edges
incident with 𝑠 have a transmission probability 𝑝 while the edges be-
tween pairs of nodes in𝑋 have transmission probability 1. There are
no other edges in the graph. Also, only 𝑠 has a non-zero probability
of being a source.

The objective is to find the best pool 𝑆 of maximum size 1 < 𝑛𝑝 <

|𝑋 |, |𝑌 | (budget 𝐵 = 1). Also, we will have a constraint that 𝑠 cannot
belong to the pool. In the above example, for any node in 𝑋 ∪𝑌 , the
marginal probability of being infected is 𝑝 . Under the assumption
of independent infections as in [10], any 𝑛𝑝 sized subset would be
the best solution.

However, we observe that the network induces dependencies
among nodes thus demanding a more non-trivial analysis that ac-
counts for network structure.We consider three scenarios: (i) 𝑆 ⊂ 𝑋 ,
(ii) 𝑆 ⊂ 𝑌 , and (iii) 𝑆 has nodes from both sets. For maximizing wel-
fare, we compute the probability of at least one node being infected
in 𝑆 conditioned on the fact that 𝑠 is infected. Under Scenario (i),
this probability for any 𝑆 is 𝑝 ; any node in 𝑋 will be infected if and
only if 𝑠 infects 𝑣 . For Scenario (ii), it is 1 − (1 − 𝑝)𝑛𝑝 for any 𝑆

as every node in 𝑌 can be independently infected by 𝑠 . For Sce-
nario (iii), it is 1 − (1 − 𝑝)ℓ+1 where ℓ = |𝑆 ∩ 𝑌 | < 𝑛𝑝 . Any solution
corresponding to Scenario (i) has the smallest probability, and is
therefore the optimal solution.

Given that we select a pool from Scenario (i), we have an expected
welfare of (1 − 𝑝)𝑛𝑝 = 𝑂 ( |𝑋 |) = 𝑂 (𝑛) when taking into account
network structure, while we have any 𝑛𝑝 sized subset that doesn’t

include node 𝑠 using the framework of [10]. Because any given
subset is going to be equally likely, the expected welfare using this
framework going to be 𝑜 (𝑛) on this graph. □

X Y
sv

Figure 2: An example graph to illustrate the effect of net-

works on pool design. The solid edges correspond to trans-

mission probability of 1 while the dashed edges correspond

to a probability of 𝑝. Here, |𝑋 | = |𝑌 | = 5.

Impact of Uncertainty in Disease Model

Lemma 4.2. There exist instances where an error of 𝜃 (1/𝑛) in the
transmission probability can change the welfare𝑊 (𝑇 ) associated
with a set of pooled tests 𝑇 from Θ(𝑛) to 𝑜 (𝑛).

Proof. Consider the graph 𝑋 ∪𝑉 where 𝑋 and 𝑉 are cliques of
size 𝑛/2 and exactly one edge connects 𝑥 ∈ 𝑋 to 𝑣 ∈ 𝑉 . Figure 3
shows this with 𝑛 = 10. Assume we have an infection model𝑀 =

(p, src, ℎ) where ℎ > 𝑛, but this infection model is inaccurate.
Instead model 𝑀′ = (p′, src, ℎ) with 0 < p′ − p ≤ 1/𝑛 would
be accurate. Assume in both 𝑀 and 𝑀′, src = {𝑣}, and we have
𝑛𝑝 < 𝑛/2, 𝐵 = 1, and 𝜏 = 2.

Suppose, under assumed model 𝑀 , we have an optimal set of
tests 𝑇★. Based on the structure of the provided graph, 𝑇★ is going
to consist of nodes in 𝑋 \𝑥 with equal probability, and the expected
welfare is going to be 𝑛𝑝 ∗ (1 − 𝑝2)𝑛𝑝 . However, if we have an
error in our infection model, then we are going to have actual
expected welfare 𝑛𝑝 ∗ (1 − 𝑝′2)𝑛𝑝 ≤ 𝑛𝑝 ∗ (1 − (𝑝 + 1

𝑛 )
2)𝑛𝑝 =

𝑛𝑝 ∗ (1 − 𝑝2 − 2/𝑛 − 1/𝑛2)𝑛𝑝 = 𝑛𝑝 ∗ ( 𝑛
2−𝑛2𝑝2−2𝑛−1

𝑛2
)𝑛𝑝 . □

5 OUR APPROACH

5.1 The MaxWelfare problem

Let 𝐻𝑖 = (𝑉 , 𝐸𝑖 ) denote a cascade formed by sampling a subset of
edges from𝐺 . We consider 𝑁 cascades, where 𝑁 will be specified in

X V
x v

Figure 3: Example figure denoting how uncertainty in the

disease model can affect the output expected welfare.
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the analysis later. Let𝐶 (𝑣, 𝑖) denote the nodes in the connected com-
ponent containing node 𝑣 in 𝐻𝑖 , and let 𝐶 (src, 𝑖) = ∪𝑣∈src𝐶 (𝑣, 𝑖);
the nodes in 𝐶 (src, 𝑖) will all be infected in the cascade 𝐻𝑖 for a
given set of infection sources 𝑣 ∈ 𝑉 at some time step 𝜏 corre-
sponding to the distance of a node from the source and will still
test positive until time step 𝜏 + ℎ. In Figure 4, for example, we
have 𝐶 (src, 1) = {𝑢1, 𝑢2, 𝑢4} and 𝐶 (src, 2) = {𝑢2, 𝑢3, 𝑢4, 𝑢5}. Let
𝐹 (𝑣, 𝑖) = {𝑆 ∈ S : 𝑆 ∩ 𝐶 (src, 𝑖) = ∅} be the set of possible pool
tests which will clear node 𝑣 in cascade 𝑖 , meaning 𝑣 and all po-
tential nodes pooled with 𝑣 are either (i): not in 𝐶 (src, 𝑖) or (ii):
are in 𝐶 (src, 𝑖) but have entered the Recovered state more than
ℎ time steps back from when the test is administered. We denote
the set of nodes that enter the Recovered state at time 𝜏 as 𝑅(𝜏).
We define the set of nodes that can potentially be cleared in a
cascade as C(𝑖) = {𝑣 ∈ (𝑉 \ 𝐶 (src, 𝑖)) ∪ ⋃𝜏−1

𝑗=ℎ
𝑅(𝜏 − 𝑗)}. For a

pooled test set 𝑇 ∈ 𝑚𝑆 administered at time 𝜏 , let𝑊 (𝑇, 𝑖) = |{𝑣 ∈
(𝑉 \𝐶 (src, 𝑖)) ∪⋃𝜏−1

𝑗=ℎ
𝑅(𝜏 − 𝑗) : 𝑇 ∩ 𝐹 (𝑣, 𝑖) ≠ ∅}| denote the num-

ber of nodes which get cleared by the set 𝑇 in cascade 𝐻𝑖 , and let
𝑊𝑎𝑣𝑔 (𝑇 ) = 1

𝑁

∑𝑁
𝑖=1𝑊 (𝑇, 𝑖).

We use a linear programming (LP) relaxation plus rounding
approach. Let 𝑋 (𝑆) be an indicator for 𝑆 ∈ S, which is 1 if 𝑡𝑆 is
picked. Let𝑌 (𝑣, 𝑖) be an indicator for each 𝑣 ∈ 𝑉 , 𝑖 = 1, . . . , 𝑁 which
is 1 if node 𝑣 is cleared in cascade𝐻𝑖 by some test. We have variables
𝑥 (𝑆) and 𝑦 (𝑣, 𝑖) corresponding to these indicators in the IP below.

max
1
𝑁

∑︁
𝑖

∑︁
𝑣∈C(𝑖 ) )

𝑤𝑣𝑦 (𝑣, 𝑖) (1)

∀𝑣 ∈ C(𝑖) : 𝑦 (𝑣, 𝑖) ≤
∑︁

𝑆∈𝐹 (𝑣,𝑖 )
𝑥 (𝑆) (2)∑︁

𝑆

𝑥 (𝑆) ≤ 𝐵 (3)

∀𝑆, 𝑣, 𝑖 : 𝑥 (𝑆), 𝑦 (𝑣, 𝑖) ∈ {0, 1} (4)

Moving forward, we assume that each individual 𝑖 has welfare
𝑤𝑖 = 1. We therefore drop this coefficient for the rest of the paper
and speak equivalently about the expected number of clearances
and the expected welfare of the population.

Lemma 5.1 proves that the above IP will solve the MaxWelfare
problem.

Lemma 5.1. The above Integer Program is valid, and if we have so-
lutions 𝑥★, 𝑦★ to the above program, then 1

𝑁

∑
𝑖

∑
𝑣∈C⋖(𝑖 ) 𝑦

★(𝑣, 𝑖) =
𝑊𝑎𝑣𝑔 (𝑇★) for an optimal set of pools 𝑇★.

Proof. Consider the optimal set𝑇★, and define 𝑥★, 𝑦★ as follows:
∀𝑆 ∈ 𝑇★, 𝑥★(𝑆) = 1 and 𝑆 ′ ∉ 𝑇★, 𝑥★(𝑆 ′) = 0. Constraint 2 will hold
as we have |𝑇★ | = ∑

𝑆 𝑥 (𝑆) ≤ 𝐵. By the definition of 𝐹 (𝑣, 𝑖), we
have 𝑦 (𝑣, 𝑖) = 1 if it is cleared by any 𝑆 ∈ 𝑇★, which by the first
constraint will hold if 𝑥 (𝑆) = 1. Thus, the first constraint also
holds for the optimal. Thus, our program is feasible for 𝑇★, and by
the definition of𝑊𝑎𝑣𝑔 (𝑇★) is exactly equal to the definition of the
objective value. Thus, the integer program is valid. □

However, IPs are NP-Complete in general. Therefore, we present
Algorithm 1, which utilizes LP relaxation and randomized rounding
as well as Sample Average Approximation (SAA). We go on to

show that Algorithm 1 still provides good theoretical and practical
performance.

Algorithm 1 RoundPool
Inputs: 𝐺 = (𝑉 , 𝐸), 𝐵, potential pools 𝑺 , Infection Model𝑀

Outputs: Set of Pools 𝑻
1: Create cascades 𝐻1 . . . 𝐻𝑁 by sampling from𝑀

2: Solve the LP obtained by relaxing constraint 4 to 𝑥 (𝑆), 𝑦 (𝑣, 𝑖) ∈
[0, 1]∀𝑆, 𝑣, 𝑖 .

3: Let 𝑥★, 𝑦★ denote the solutions to step 1.
4: for 𝑆 ∈ 𝑺 do
5: Add 𝑆 to 𝑻 with probability 𝑥★(𝑆)
6: end for

7: return 𝑻

Lemma 5.2. The solution𝑇 = {𝑆1, . . . , 𝑆𝐾 } computed by the above
algorithm satisfies: (1)E[|𝑇 |] ≤ 𝐵, and (2)𝐸 [𝑊𝑎𝑣𝑔 (𝑇 )] ≥ 1

2𝑊𝑎𝑣𝑔 (𝑇★).

Proof. For the first statement, we have 𝑃𝑟 [𝑆 ∈ 𝑇 ] = 𝑥 (𝑆).
Because our randomized rounding is independent, we have 𝐸 [|𝑇 |] =∑
𝑆 𝑃𝑟 [𝑆 ∈ 𝑇 ] =

∑
𝑆 𝑥 (𝑆) ≤ 𝐵 by equation 3.

For the second part, we have𝑊𝑎𝑣𝑔 (𝑇 ) = 1
𝑁

∑
𝑖𝑊 (𝑇, 𝑖). As before,

define 𝑌 (𝑣, 𝑖) be the indicator variable that node 𝑣 was cleared by
some test 𝑆 ∈ 𝑇 in cascade 𝑖 , so

∑
𝑣 𝑌 (𝑣, 𝑖) =𝑊 (𝑇, 𝑖). We therefore

have the following:

Pr[𝑌 (𝑣, 𝑖) = 1] = 1 −
∏

𝑆∈𝐹 (𝑣,𝑖 )
(1 − 𝑥∗ (𝑆))

≥ 1 −
∏

𝑆∈𝐹 (𝑣,𝑖 )
𝑒−𝑥

∗ (𝑆 )

= 1 − 𝑒−
∑

𝑆∈𝐹 (𝑣,𝑖 ) 𝑥
∗ (𝑆 )

≥ 1 − 𝑒−𝑦
∗ (𝑣,𝑖 )

≥ 𝑦∗ (𝑣, 𝑖)/2,

The first equality is defined by our definition of 𝐹 (𝑣, 𝑖) and the
results from our linear program. The first inequality follows because
1 − 𝑧 ≤ 𝑒−𝑧 for 𝑧 ∈ [0, 1]. The second inequality follows because∑
𝑆∈𝐹 (𝑣,𝑖 ) 𝑥

∗ (𝑆) ≥ 𝑦∗ (𝑣, 𝑖), The third inequality follows because
1 − 𝑧/2 ≥ 𝑒−𝑧 for 𝑧 ∈ [0, 1]. By linearity of expectation, we have
E[𝑊𝑎𝑣𝑔 (𝑇 )] = 1

𝑁

∑
𝑣,𝑖 𝑌 (𝑣, 𝑖) and 1

2
∑
𝑣,𝑖 𝑦

★(𝑣, 𝑖) ≥ 𝑊 (𝑇★) due to
LPs being an upper bound on IPs, it therefore directly follows that
E[𝑊𝑎𝑣𝑔 (𝑇 )] ≥ 1

2𝑊𝑎𝑣𝑔 (𝑇★). □

Lemma 5.2 shows that Algorithm 1 gives a solution whose ex-
pected size is less than or equal to the budget and has E[𝑊𝑎𝑣𝑔 (𝑇 )]
close to𝑊𝑎𝑣𝑔 (𝑇★) with this expectation being over the stochastic-
ity of the algorithm. However, maximizing𝑊𝑎𝑣𝑔 (𝑇 ) is not directly
equal to maximizing E[𝑊 (𝑇 )] directly. We will go on to show, how-
ever, that given 𝑁 that is sufficiently large, that𝑊𝑎𝑣𝑔 (𝑇 ) provides
a reasonable estimate of E[𝑊 (𝑇 )].

Theorem 5.3. (Theorem 1.1 of [8]) Let 𝑍 =
∑𝑛
𝑖=1 𝑍𝑖 , where 𝑍𝑖

are independently distributed random variables in [0, 1]. Then, for
any 𝜖 ∈ (0, 1), we have Pr[𝑍 ∉ [(1 − 𝜖)𝐸 [𝑍 ], (1 + 𝜖)𝐸 [𝑍 ]]] ≤
2exp(−𝜖2𝐸 [𝑍 ]/3). Also, for any 𝑡 > 2𝑒𝐸 [𝑍 ], Pr[𝑍 > 𝑡] ≤ 2−𝑡 .
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This theorem shows that a bound can be placed on the sum of
random variables with high probability. With some transformations
and a specific choice of 𝜖 , we can produce bounds on the output of
our algorithm with high probability.

Lemma 5.4. Let 𝑁 ≥ 3
𝜖2
𝑛2 log𝑛 for 𝜖 ∈ (0, 1) and 𝑚𝑆𝐵 ⊆ 𝑚𝑆

consist of all possible sets of pools T such that𝑊 (T) ≥ 1, that is
the set of pool tests that will clear at least one individual. Then
Pr[there exists 𝑇 ∈𝑚𝑆𝐵 such that𝑊𝑎𝑣𝑔 (𝑇 ) ∉ [(1 − 𝜖)𝑊 (𝑇 ), (1 +
𝜖)𝑊 (𝑇 )] ≤ 2/𝑛2.

Proof. For any fixed𝑇 ∈𝑚𝑆 , we have𝑁
𝑊𝑎𝑣𝑔 (𝑇 )

𝑛 =
∑𝑁
𝑖=1

𝑊 (𝑇,𝑖 )
𝑛 .

Let 𝑍𝑖 = 𝑊 (𝑇,𝑖 )
𝑛 , and let 𝑍 =

∑𝑁
𝑖=1 𝑍𝑖 . Note that by the definition of

𝑊 (𝑇, 𝑖), we have 𝑍𝑖 ∈ [0, 1]. Also, E[𝑊 (𝑇, 𝑖)] =𝑊 (𝑇 ) (where the
expectation is over random cascades 𝐻𝑖 ), which therefore implies
E[𝑁𝑊𝑎𝑣𝑔 (𝑇 )] = 𝑁𝑊 (𝑇 ). Applying Theorem 5.3 to 𝑍 = 𝑁

𝑊𝑎𝑣𝑔 (𝑇 )
𝑛 ,

we have:

Pr
[
𝑊𝑎𝑣𝑔 (𝑇 ) ∉ [(1 − 𝜖)𝑊 (𝑇 ), (1 + 𝜖)𝑊 (𝑇 )]

]
= Pr

[
𝑁
𝑊𝑎𝑣𝑔 (𝑇 )

𝑛
∉ [(1 − 𝜖)𝑁𝑊 (𝑇 )

𝑛
, (1 + 𝜖)𝑁𝑊 (𝑇 )

𝑛
]
]

(5)

≤ 2exp(−𝜖2𝑁𝐸 [𝑍 ]/(3𝑛))
= 2exp(−𝜖2𝑁𝑊 (𝑇 )/(3𝑛))

≤ exp(−𝜖2𝑁 /(3𝑛))

If we have 𝑁 ≥ 3
𝜖2
𝑛2 log𝑛, then plugging in we have:

2exp(−𝜖2𝑁𝑊 (𝑇 )/(3𝑛)) ≤ 2exp(−𝑛 log𝑛)

Next we have |𝑚𝑆𝐵 | ≤ (𝑛𝑛𝑃 )𝐵 , so by a union bound, we have
Pr[there exists 𝑇 ∈ 𝑚𝑆𝐵 such that𝑊𝑎𝑣𝑔 (𝑇 ) ∉ [(1 − 𝜖)𝑊 (𝑇 ), (1 +
𝜖)𝑊 (𝑇 )] ≤ 2exp(−𝑛 log𝑛)𝑛𝑛𝑃𝐵 .

When we assume 𝑛𝑝𝐵 is smaller than 𝑛 − 2, which fits our as-
sumption that 𝑛𝑝𝐵 ≪ 𝑛 stated in the problem definitions, we have
the following:

2exp(−𝑛 log𝑛)𝑛𝑛𝑃𝐵 ≤ 2/𝑛2
□

Here we show that for any problem instance where it is possible
to clear at least one individual in any given infection instance for a
set of pools, that𝑊𝑎𝑣𝑔 (𝑇 ) is going to be close to𝑊 (𝑇 ) with high
probability given that the average is performed over sufficiently
large number of cascades 𝑁 . This holds true even for𝑇★. Therefore,
we present Theorem 5.5, which combines Lemmas 5.2 and 5.4 to
show that the solution provided by Algorithm 1 will be close to the
optimal solution given sufficiently large 𝑁 .

Theorem 5.5. Let E[𝑊 (𝑇★)] be the optimal number of clearances
for a given graph𝐺 , maximum pool size 𝑛𝑝 , and budget 𝐵 and assume

𝐵 ≥ 3
𝜖2

log 𝑛
2

2 . Then we will have:

(1) |𝑇 | ≤ (1 + 𝜖)𝐵 and
(2) E[𝑊 (𝑇 )] ≥ (1 − 𝜖)2E[𝑊 (𝑇★)]/2]

hold simultaneously with probability 1 − 3
𝑛2
.

Proof. Let 𝑍𝑆 = 𝑥★(𝑆), the probability that we include set 𝑆
into our set of pools 𝑇 and define 𝑍 =

∑
𝑆 𝑍𝑆 . We have E[|𝑇 |] =∑

𝑆 𝑥
★(𝑆) ≤ 𝐵 from Lemma 5.2. By Theorem 5.3, for any 𝜖 ∈ (0, 1),

we have 𝑃𝑟 [∑𝑆 𝑍𝑠 ≥ (1+𝜖)𝐵] ≤ 2𝑒𝑥𝑝 (−𝜖2𝐵/3). Assuming that we
have 𝐵 ≥ 3

𝜖2
log 𝑛

2

2 , we can then substitute in to have 𝑃𝑟 [∑𝑆 𝑍𝑠 ≥
(1 + 𝜖)𝐵] ≤ 1

𝑛2
.

For the second part, we have E[𝑊 (𝑇 )] = 𝑊𝑎𝑣𝑔 (𝑇 ). Therefore,
by Lemma 5.4, we have 𝑃𝑟 [𝑊 (𝑇 ) ≤ (1 − 𝜖)𝑊𝑎𝑣𝑔 (𝑇 )] ≤ 1

𝑛2
. By

Theorem 5.3 again, we are able to say that 𝑃𝑟 [𝑊𝑎𝑣𝑔 (𝑇 ) ≤ (1 −
𝜖)E[𝑊𝑎𝑣𝑔 (𝑇 )]] ≤ 1

𝑛2
, and then using Lemma 5.2, we haveE[𝑊𝑎𝑣𝑔 (𝑇 ) ≥

1
2𝑊𝑎𝑣𝑔 (𝑇★). Therefore, we have 𝑃𝑟 [𝑊𝑎𝑣𝑔 (𝑇 ) ≤ (1−𝜖) 12𝑊𝑎𝑣𝑔 (𝑇★)]] ≤
1
𝑛2
. Because𝑊𝑎𝑣𝑔 (𝑇★) = E[𝑊 (𝑇★)] by definition, combining ev-

erything, we have 𝑃𝑟 [𝑊 (𝑇 ) ≤ (1 − 𝜖)2E[𝑊 (𝑇★)]/2] ≤ 2
𝑛2
.

□

Non-overlapping pools. The presented IP allows for overlapping
sets, meaning a single node𝑢 can be in two different pools 𝑆, 𝑆 ′ ∈ 𝑇 .
By changing (2) to 𝑦 (𝑣, 𝑖) = ∑

𝑆∈𝐹 (𝑣,𝑖 ) 𝑥 (𝑆), this would be disal-
lowed. [10] analyze the theoretical benefit of allowing overlapping
testing and find that the theoretical benefits were outweighed by
the practical constraints within the lab.

Lemma 5.6. Algorithm RoundPool will produce a set of pools in
𝑂 ((𝑛 ∗ 𝑁 ∗ |S|)2.5).

Proof. The above algorithm can be broken into two main steps:
the linear program and the rounding step. The linear program is
going to have𝑂 (𝑛 ∗𝑁 ) constraints and exactly 𝑛 ∗𝑁 + |S| variables.
Proven worst case complexities are shown to be a polynomial in
the number of variables and constraints in a worst case scenario,
which means that our runtime will be less than 𝑂 ((𝑛 ∗ 𝑁 ∗ |S|)2.5.
The second step of our algorithm is performed in linear time𝑂 ( |𝑆 |),
and thus the linear scaling of the rounding step is dominated by
the polynomial scaling of the LP. □

5.2 Speeding up RoundPool

RoundPool scales as (𝑁𝑛)2.5 = 𝑛7.5, which is not feasible for
large instances, even using state-of-the-art LP solvers. We use the
combinatorial approach of [34] for solving the LP, which allows us
to significantly improve the scaling. Define 𝑧 (𝑣, 𝑖) = 1 − 𝑦 (𝑣, 𝑖). We
additionally define an additional variable 𝜆. The below IP solves the
equivalent problem after our definition of 𝜆 and the 𝑧 (·) variables:

min 𝜆
∀𝑣 ∈ C(𝑖) : 𝑧 (𝑣, 𝑖) +

∑︁
𝑆∈𝐹 (𝑣,𝑖 )

𝑥 (𝑆) ≥ 1

1
𝑁

∑︁
𝑖

∑︁
𝑣∈C(𝑖 )

𝑧 (𝑣, 𝑖) ≤ 𝜆∑︁
𝑆

𝑥 (𝑆) ≤ 𝐵

∀𝑆, 𝑣, 𝑖 : 𝑥 (𝑆), 𝑧 (𝑣, 𝑖) ∈ {0, 1}

If we consider 𝜆 as a fixed constant, this problem translates
to finding a feasible solution given the mixed packing/covering
constraints. [34] presents an (1 + 𝜖)−approximation algorithm for
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feasible mixed packing/covering problems, where covering con-
straints are met and packing constraints are violated by a factor of
𝑂 (𝜖). Additionally, [33] provides a subroutine to check feasibility
of the program. We present algorithm 3, which calls the algorithm
MixedApproximation adapted from [34] as a subroutine.

Algorithm 2 MixedApproximation

Inputs: Covering matrix 𝐶 , Packing Matrix 𝑃 , 𝜖
Outputs: Feasible Solution 𝒙

1: Define 𝑝𝑎𝑟𝑡𝑖𝑎𝑙 𝑗 (𝑀,𝑥) = ∑
𝑖 𝑀𝑖 𝑗𝑒

(𝑀𝑥 )𝑖 /∑𝑖 𝑒 (𝑀𝑥 )𝑖
2: 𝜆0 ← |𝑃 |/|𝐶 |
3: 𝑈 ← log( |𝐶 | + |𝑃 |)/𝜖2
4: 𝑥 ← 0
5: 𝐶𝑖 ← 𝐶𝑖𝑥

6: Define 𝑐𝑖 ← (1 − 𝜖)𝐶𝑖 if 𝐶𝑖 ≤ 𝑈 else 𝑐𝑖 = 0
7: 𝑃𝑖 ← 𝑃𝑖𝑥

8: Define 𝑝𝑖 ← (1 + 𝜖)𝑃𝑖
9: while True do
10: for 𝑗 ∈ |𝑥 | do
11: 𝜆 𝑗 ← 𝑃𝑇

𝑗
𝑝/𝐶𝑇

𝑗
𝑐

12: while 𝜆 𝑗 ≤ (1 + 𝜖)2𝜆0/(1 − 𝜖) do
13: Choose 𝑧 such that

max{max𝑖 𝑃𝑖 𝑗𝑧,max𝑖:𝐶𝑖𝑥≤𝑈 𝐶𝑖 𝑗𝑧} = 1/2
14: 𝑥 𝑗 ← 𝑥 𝑗 + 𝑧
15: 𝑃𝑖 ← 𝑃𝑖 + 𝑧 ∗ 𝑃𝑖 𝑗 for all 𝑃𝑖 𝑗 > 0
16: 𝐶𝑖 ← 𝐶𝑖 + 𝑧 ∗𝐶𝑖 𝑗 for all 𝐶𝑖 𝑗 > 0
17: if min𝑖 𝐶𝑖 ≥ 𝑈 then

18: return 𝑥/𝑈
19: end if

20: Update 𝑝𝑖 , 𝑐𝑖 as defined, recalculate 𝜆 𝑗 ← 𝑃𝑇
𝑗
𝑝/𝐶𝑇

𝑗
𝑐

21: end while

22: 𝑟𝑎𝑡𝑖𝑜 𝑗 (𝑥) ← 𝑝𝑎𝑟𝑡𝑖𝑎𝑙 𝑗 (𝑃, 𝑥)/𝑝𝑎𝑟𝑡𝑖𝑎𝑙 𝑗 (𝐶,−𝑥)
23: end for

24: if min𝑗 𝑟𝑎𝑡𝑖𝑜 𝑗 (𝑥) > 1 then
25: return 𝑖𝑛𝑓 𝑒𝑎𝑠𝑖𝑏𝑙𝑒

26: end if

27: 𝜆0 ← (1 + 𝜖)𝜆0
28: end while

Algorithm 2 describes a sequential algorithm for finding a feasi-
ble solution to a mixed packing/covering problem that violates the
normalized packing constraints by a factor of 1 +𝑂 (𝜖). Within the
inner-while loop starting on line 12, the current index is continu-
ously iterated on by a small amount until the covering constraints
are met or packing constraints will be violated by too much. The
size of the iteration ensures that the packing constraints will not be
violated by more than a factor of 𝑂 (𝜖). We additionally check the
feasibility of the problem, as algorithm 3 is searching for the mini-
mum value of 𝜆 that is feasible, meaning that algorithm terminates
after infeasibility of the subroutine is reached. After each index, we
scale up by a factor of (1 + 𝜖) until all of the covering constraints
are met, ensuring the allowable violation stays within 𝑂 (𝜖).

Lemma 5.7. Algorithm 3 runs in𝑂 ((log( |𝑉 |∗𝑁 ) ( |𝑉 |∗𝑁∗|𝑆 |)/𝜖2)).

Proof. Algorithm 3 will run through the while loop a maximum
of 𝑂 (log 𝜆) times, and because we set 𝜆 = 𝑛 ∗ 𝑁 , we have the

Algorithm 3 PoolApproximation

Inputs: 𝐺 = (𝑉 , 𝐸), 𝐵, potential pools 𝑺 , Infection Model𝑀 , 𝜖
Outputs: Set of Pools 𝑻

1: Create cascades 𝐻1 . . . 𝐻𝑁 by sampling from𝑀 .
2: 𝜆 ← |𝑉 | ∗ 𝑁
3: Define 𝐶, 𝑃, 𝑝 based on Linear Program for covering matrix 𝐶 ,

Packing matrix 𝑃 , and packing constraint 𝑝 .
4: 𝑓 𝑒𝑎𝑠𝑎𝑏𝑖𝑙𝑖𝑡𝑦 ← True

5: 𝑿 ← 0
6: while 𝑓 𝑒𝑎𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 do

7: 𝑝 = [𝐵, 𝜆]𝑇
8: for 𝑖 ∈ 𝑃 do

9: 𝑃 ′
𝑖
= 𝑃𝑖/𝑝𝑖

10: end for

11: 𝑧 ← MixedApproximation(𝐶, 𝑃 ′, 𝜖)
12: if 𝑧 = 𝑖𝑛𝑓 𝑒𝑎𝑠𝑖𝑏𝑙𝑒 then

13: 𝑓 𝑒𝑎𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 ← False

14: else

15: 𝜆 ← 𝜆/2
16: 𝑿 (𝑆) ← 𝑧 (𝑥 (𝑆))∀𝑆 ∈ 𝑺
17: end if

18: end while

19: for 𝑆 ∈ 𝑺 do
20: Add 𝑆 to 𝑻 with probability 𝑿 (𝑆)
21: end for

main algorithm running through it’s loop 𝑂 (log(𝑛 ∗ 𝑁 )) times.
Each iteration of the loop is dominated by the running time of the
subroutine of 2, which runs in running time𝑂 (𝐿̂/𝜖2) where 𝐿̂ refers
to the number of non-zero entries in the constraint matrix [34].

By our LPs definition, we will have 𝑂 (𝑛 ∗ 𝑁 ) + |S| non-zeros
in our packing constraints and each covering constraint will have
1 + 𝑂 (S) non-zero entries. Because we have 𝑂 (𝑛 ∗ 𝑁 ) possible
covering constraints, we will have 𝑂 (𝑛 ∗ 𝑁 ∗ |S|) non-zeros across
all covering constraints. Thus, the runtime for one iteration is going
to be a function of𝑂 ((𝑛 ∗𝑁 ∗ |S| + |𝑉 | ∗𝑁 )/𝜖2 = 𝑂 ((𝑛 ∗𝑁 ∗ |S|)/𝜖2)
Thus, the overall runtime of this algorithm is going to be𝑂 (log(𝑛 ∗
𝑁 ) (𝑛 ∗ 𝑁 ∗ |S|)/𝜖2) □

6 EXPERIMENTS

Using our algorithm, we study the following questions:

• Efficiency of Sampled Cascades: In 5.4, we say the number
of sampled cascades 𝑁 = Ω(𝑛2 log𝑛), but does our expecta-
tion asymptotically approach a solution in fewer samples?
• Effects of increasing pool size: How does increasing the
size of the pools considered affect the expected welfare, and
are there diminishing returns for increasing pool size?
• Number of potential pools considered: Because the num-
ber of potential sets considered scales by a factor of 𝑂 (𝑛𝑛𝑝 ),
it quickly becomes inefficient to examine all potential combi-
nations of pools. How does reducing our search space from
all potential pools affect our results?
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Figure 4: Graph illustrating the effect that increasing the

number of sampled cascades has on expected welfare, with

no significant gains in expected welfare occurring due to

increasing the number of samples beyond a linear factor.

• Importance of Correlations in Practice: We offer a toy
example on the importance of considering infection correla-
tions in the optimal selection of pools, but how important is
this in real world graphs on realistic infection settings?
• Effects of Assumptions of the Infection Model: How do
errors in the assumed infection model 𝑀 affect the true
expected welfare, given that the disease model𝑀′ is more
accurate?

For ease of computation, we assume 𝜏 = ℎ = 𝑛, meaning we are
testing at the end of an epidemic. This will provide an absolute
lower bound on expected welfare. We describe the data sets that
we run these experiments on below:

Graph Name Number of

nodes

Number of

edges

Virginia Academic Hospital Contacts 3885 61537
Aves Wildbird Network 202 4574
Vole Trapping Colocation 1263 3380

Table 1: Data sets used for experiments. The hospital network

consists of patient and healthcare provider nodes, where

edges denote a colocation of nodes. The graph spans four

weeks across the hospital. The Aves Wildbird Network and

Vole Trapping Colocation are publicly available networks

sourced in [26], while the Virginia Academic Hospital Con-

tacts can be found in our public GitHub repository

6.1 Efficiency of Sampled Cascades

On the Virginia Academic Hospital Contacts network, we ex-
amine the effect that the number of sampled cascades has on the
expected welfare. We consider 20000 randomly selected subsets
of nodes with 𝑛𝑝 = 4 and 𝐵 = 100, running each trial 5 times,
averaging the the expected welfare. The results can be seen below:

We can see here that the number of sampled cascades trialed does
not make a significant difference in the calculated expected welfare
of our algorithm.Within our paper, we show that𝑁 ≥ 𝑂 (𝑛2 log(𝑛)).

Figure 5: (Right) Graph showing the impact of changing 𝑛𝑝
on the expected welfare. Higher values of 𝑛𝑝 have sub-linear

returns, as increasing the number of samples within a pool

increases the probability that at least one of the samples will

test positive. (Left) Plot showing the effect that the number of

randomly selected sets has on the expected welfare. We can

see that increasing the number of possible sets to consider

increases the expected welfare, although we have diminish-

ing returns

However, these experimental results show that only 𝑁 ≥ 𝑂 (𝑛)
are required in practice. We note that for less dense graphs, there
is more uncertainty within the number of samples affecting the
outcome, with the Virginia Academic Hospital data set having the
most consistent expected welfare as the largest and most dense
graph. The Vole graph is the least dense graph and we can see that
we have a wide standard deviation.

The number of sampled cascades directly affects the size of the
linear program, with the number of constraints being a factor of
𝑂 (𝑁𝑛). When running these experiments, we were unable to solve
the algorithm with more than 4000 sampled cascades in a computa-
tionally tractable way. Thus, we utilize the approximation algorithm
presented above adopted from [34] in order to solve larger instances
of our program. These results are presented in the supplementary
material.

6.2 Effects of Changing Size of Pools 𝑛𝑝

[6] calculates the optimal size of pools based on the prevalence
of a disease within a given population. In a true epidemic setting,
however, this prevalence is often unknown, and thus an optimal
value of 𝑛𝑝 cannot be selected beforehand. Therefore, we analyze
the effects that increasing 𝑛𝑝 will have on the expected welfare of
a fixed epidemic setting. We test on the Virginia Academic Hos-
pital data set with 2000 fixed cascades and 20000 potential pools
considered. The results are shown in Figure 5 (Right).

6.3 Number of Potential Pools Considered

On the Virginia Academic Hospital Contacts network using
1000 sampled infection cascades with an average of 1289.958 in-
fections per cascade, we consider varying numbers of randomly
selected subsets of nodes with 𝑛𝑝 = 4 and 𝐵 = 100. We run these
trials across 5 randomized set selections and average the expected
welfare output by our algorithm. The results can be summarized in
Figure 5 (Left).
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Figure 6: Plot displaying the impact of errors in estimated

transmission probability 𝑝 affect the overall expectedwelfare

after rounding.

We can see from these trials that expanding the number of ran-
domly selected subsets increases the expected welfare our algo-
rithm’s output, with these increases falling outside of the 95% con-
fidence intervals in many instances. With this given experimental
instance giving a maximum of approximately 9.77𝑒12 possible sub-
sets, not all of these can be feasibly be considered. We see relatively
diminishing returns to the expected welfare, however, as the num-
ber of considered subsets increases.

6.4 Importance of Considering Network

Correlation

In [10], the authors consider selecting pools to maximize the ex-
pected welfare assuming independent infection status. We analyze
how important the graph structure is compared to selecting random
subsets, which equates to uncorrelated infection status if all indi-
viduals’ utilitis and initial probabilities of infection are equivalent.

On the Virginia Academic Hospital Contacts data set, a ran-
dom selection of subsets produces an average expected welfare of
183.511 for 𝑛𝑝 = 4, 𝐵 = 100. This stands in contrast to our expected
welfare of 288.891 for the same set of cascades tested against with
correlations from our experiments on 6.2 (where 20000 potential
pools are considered in both settings).

6.5 Effects of Uncertainty within the Disease

Model

A major assumption of our work is the assumption of an accurate
disease model𝑀 that describes how a disease spreads across a net-
work. On the Virginia Academic Hospital Contacts network,
we analyze how errors both upward and downward in our trans-
mission probability 𝑝 affect the expected welfare calculated by our
algorithm. Our initial probability of infection is 𝑝 = 0.055 produces
an average number of infections of 1289.958, as stated above. We
then compute cascades with 𝑝′ < 𝑝 and 𝑝′ > 𝑝 . These results can
be seen in Figure 6.

We see a nearly linear decrease in expected welfare as 𝑝′ in-
creases above our assumption 𝑝 . At the highest level, a value of

𝑝′ = .105 produces approximately 2196 infections across the net-
work, and our expected welfare for the selected pools decreases by
a factor of nearly 50%.

On the other side, we see that the pools selected when 𝑝′ < 𝑝

perform very well, reaching the upper bound of 𝑛𝑝 ∗ 𝑏 if infec-
tiousness is low enough. Thus, when using our methodology for
selecting pools, we should be careful not to underestimate 𝑝 within
our assumed disease model.

7 CONCLUSION

In this paper, we present a methodology for selecting subsets of
individuals to test in a pooled manner for epidemic surveillance
and clearance. Our bicritera algorithms take into account network
structures within communities, which to our knowledge, has not
been taken into account previously. Our algorithms show novel per-
formance on real world data sets while requiring less computation
than the shown worst case bounds.

Our work does make a number of simplifying assumptions that
may not hold in real life. For example, we assume perfect accuracy
of pool tests regardless of the size of pool 𝑛𝑝 . In reality, works such
as [32] have shown that pooled tests become less accurate as 𝑛𝑝
increases. We additionally assume fully known networks for spread.
Future works in this field could study the optimization problem
when these assumptions don’t hold, closer mirroring real world
settings.
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