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Abstract

In the early stages of an epidemic outbreak, when the incidence
data is limited, policy makers actively try to establish the scale
and scope of the outbreak. Two of the most pertinent questions
they seek to answer are i) has the outbreak started in a particular
region (e.g. a country) and ii) how many sub-regions (e.g. a state or
a county) have been affected thus far? We study these problems as
a data-driven knowledge extraction task, i.e., given mobility and
epidemiological data, we aim to extract actionable knowledge about
which regions should receive additional surveillance resources so
that an outbreak is detected early and its spatial footprint is accu-
rately characterized. To this end, we formulate two discrete-lattice
optimization objectives for epidemic surveillance, 1) maximizing
the probability of detecting at least one infected sub-region and
2) maximizing the expected number of infected sub-regions de-
tected. Both objectives turn out to be NP-hard. However, we prove
that they are both submodular, which paves the way for efficient
epidemic surveillance from limited data. We use this structure to
derive curvature bounds for the objective. We also relate the bound
with the parameters of the metapopulation disease dynamics. We
propose a scalable algorithm, Lattice-Adapted Modified Greedy
(LAMGreedy), that uses the curvature, and marginal-gain machin-
ery to establish constant factor approximation guarantee. Extensive
experiments on real-world mobility networks for COVID-19 and
Influenza across three U.S. states show that LAMGreedy consis-
tently outperforms natural and the state-of-the-art baselines under
multiple cost models. The empirical results validate the prevalence
and curvature estimates, and demonstrate that the proposed tools
extract high-quality surveillance knowledge from mobility and
epidemic data under realistic budget constraints.

CCS Concepts
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1 Introduction

Just in the last two decades, a surprisingly high number of large-
scale epidemic outbreaks have occurred including the 2009 H1N1
epidemic, 2016 West-africa Ebola epidemic and the COVID-19 pan-
demic [15, 26, 28]. As we speak, localized Hantavirus [44] and
Ebola [43] outbreaks are taking place and could potentially expand
to a larger scale outbreak resembling COVID-19 pandemic. Past
outbreaks wreaked havoc due to inadequate surveillance and re-
sponses during the early stages [12]. While blanket surveillance
methods, such as serological surveys, are available to collect large
scale data for epidemic response, they are far too expensive to
deploy effectively [17].

Key questions epidemiologists and decision makers have dur-
ing an early stage of the pandemic are 1) how can we develop the

best-value epidemic surveillance methods that enable us to detect an

outbreak with a high success rate? and 2) how to accurately estimate

the spread (e.g., number of sub-regions with positive prevalence) of

the outbreak? Both of these questions have to be answered within
a limited budget as public health officials are constrained by avail-
able resources. Previous work on epidemic surveillance has not
satisfactorily answered these questions. Heuristic approaches are
usually simple and rely on intuition, however they do not provide
any type of performance guarantee [8, 31]. Conversely, metrics-
based approaches, which are common in computational literature,
treat the problem as a submodular optimization problem over sets,
which means that resource allocations are uniform across selected
regions [22]. However, real-world deployment requires deciding
not just where to test, but also how many resources to allocate to
each region to maximize detection likelihood. This necessitates a
shift from binary set selection to the more granular framework of
integer lattice optimization.

To overcome these constraints, we formulate epidemic surveil-
lance as an optimization problem over a integer lattice [32, 33],
and apply this approach to a disease-agnostic representation of a
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metapopulation model. While lattice optimization has been used in
the field of epidemiology to a limited degree (e.g. healthcare associ-
ated infection monitoring [1]), it has not been used in this context.
Here, we first formulate the two questions mentioned above as
lattice optimization problems. Through theoretical analysis, we
demonstrate their inherent computational difficulty, and show how
each of these two problems have specific mathematical proper-
ties that allow us to develop near-optimal solutions. Specifically,
we prove that the objectives of both problems are submodular, in-
vestigate the curvature associated with each objective, and derive
approximate relationships between the curvature and disease pa-
rameters [10, 37, 47]. We provide a scalable lattice optimization
approach which provides constant factor approximation guarantee.
We also demonstrate that even better approximation guarantee is
theoretically possible for an exponential algorithm [14, 33].

Our contributions are summarized as follows.
• First, we formulate two regional surveillance problems as
novel lattice optimization objectives, proving that while they
are NP-hard, they retain the property of submodularity [32].

• Second, we derive theoretical bounds for the curvature of
these functions and explicitly connect these bounds to the
epidemiological parameters of the meta-population disease
model [13, 39].

• Third, we introduce two optimization algorithms; notably,
one of these algorithms provides the first-ever (1 − 𝜅/𝑒 − 𝜖)
approximation guarantee for lattice optimization problems
under knapsack constraints [36, 47].

• Finally, we validate our approach through extensive experi-
ments simulating COVID-19 and Influenza outbreaks across
three U.S. states, demonstrating the practical efficacy of our
methods [15, 26, 38].

2 Related Work

Our work is connected to three lines of research: submodular opti-
mization, epidemic modeling, and surveillance resource allocation.
Lattice Submodularity and Optimization: Submodularity is a
standard tool for designing approximation algorithms in combina-
torial optimization [10]. A well-known example in data mining is
the CELF-style sensor placement formulation of outbreak detec-
tion [22]. Most of this literature treats a solution as a set. This is
restrictive for our setting, because selecting a county once does not
say how many tests or surveillance visits should be placed there.
Work by Soma and Yoshida extends diminishing returns to integer
lattices [32, 33], and Ene and Nguyen give a reduction from lattice
problems to set functions [14]. We use these tools, but our emphasis
is on the surveillance instance that is created from epidemic and
mobility data, and on the scalable greedy algorithm that acts on
that instance. Curvature-dependent guarantees [47] are useful in
this paper mainly because they let us certify the behavior of the
practical algorithm.
Epidemic Burden and Modeling: Healthcare-acquired infections
and respiratory epidemics both create substantial health and eco-
nomic burdens [7, 34]. Prior work has studied pathogens such as
MRSA [11, 19] and C. difficile [6, 9, 35, 46], as well as larger-scale
respiratory outbreaks. These systems are commonly modeled with

differential equations [24, 25, 40] or detailed agent-based simula-
tions [3, 16, 41, 45]. In our setting, the metapopulation SEIR model
provides the bridge between data and optimization: mobility flows
and disease parameters are converted into county-level prevalence
estimates, and those estimates become the inputs to the surveillance
objective. We use the next-generation matrix framework [13, 39]
and analytical SEIR approximations [27, 28] for this step.
Surveillance and Outbreak Detection: Outbreak detection has
been studied using threshold rules, scan statistics, simulation-based
evaluation, and data mining methods [21, 23]. Other approaches use
social network sensors [8, 31], epidemiological networkmodels [29],
vaccination and defense optimization [5, 48, 49], and epidemic re-
construction [30]. The closest line of work to ours uses submodular
optimization for surveillance and monitoring [1, 18]. We build on
this style of problem formulation, but move from set selection to
integer allocations. This lets the algorithm decide both where to
monitor and how much resource to allocate to each region.

3 Preliminaries

In the following, we denote the set of non-negative integers by Z+
and the set of 𝑛 first natural numbers by [𝑛].
Metapopulation SEIR Dynamics: A metapopulation model is
an extension of classical compartmental epidemiological models
(like SIR and SEIR) into a set of 𝑘 ∈ Z+ geographically distinct
subpopulations, each of which might be experiencing a different
phase of the outbreak. We denote the size of each subpopulation
𝑖 ∈ [𝑘] as 𝑁𝑖 . The SEIR metapopulation model is parameterized by
𝛽 ( transmission rate),𝜎 (progression rate from exposed to infectious
i.e., 1/𝜎 = incubation period), and 𝛾 (recovery rate).

We describe the mobility between regions using a flux matrix
W = [𝑤𝑖 𝑗 ], where 𝑤𝑖 𝑗 represents daily flow of individuals into
region 𝑖 from region 𝑗 . Now, let 𝑆𝑖 , 𝐸𝑖 , 𝐼𝑖 , and 𝑅𝑖 denote the num-
ber of susceptible, exposed, infected, and recovered individuals
in region 𝑖 . Then, the dynamics that characterizes the epidemics
in a metapopulation SEIR model is given by the following set of
differential equations:

𝑑𝑆𝑖

𝑑𝑡
= −𝛽 𝑆𝑖 𝐼𝑖

𝑁𝑖
+

𝐾∑︁
𝑗=1

(𝑤𝑖 𝑗𝑆 𝑗 − 𝑤𝑗𝑖𝑆𝑖 ),

𝑑𝐼𝑖

𝑑𝑡
= 𝜎𝐸𝑖 − 𝛾𝐼𝑖 +

𝐾∑︁
𝑗=1

(𝑤𝑖 𝑗 𝐼 𝑗 − 𝑤𝑗𝑖 𝐼𝑖 ),

𝑑𝐸𝑖

𝑑𝑡
= 𝛽

𝑆𝑖 𝐼𝑖

𝑁𝑖
− 𝜎𝐸𝑖 +

𝐾∑︁
𝑗=1

(𝑤𝑖 𝑗𝐸 𝑗 − 𝑤𝑗𝑖𝐸𝑖 ),

𝑑𝑅𝑖

𝑑𝑡
= 𝛾𝐼𝑖 +

𝐾∑︁
𝑗=1

(𝑤𝑖 𝑗𝑅 𝑗 − 𝑤𝑗𝑖𝑅𝑖 ) .

Lattice Submodularity: Our goal here is to design algorithms to
allocate epidemic surveillance resources to different subpopulations
in a metapopulation model. To do so, we take advantage of the
powerful lattice submodular optimization machinery. Let allocation
vector x = (𝑥1, . . . , 𝑥𝐾 ) ∈ Z𝐾+ denote the amount of resources
allocated to each subpopulation. The allocation vector x is an integer
lattice as each 𝑥𝑖 ∈ Z+. Given two lattices x and y, we say x ≤ y
if 𝑥𝑖 ≤ 𝑦𝑖 for all 𝑖 . Using standard notation, we denote the 𝑖-th
standard basis vector by e𝑖 and a vector of all ones by 1.
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Let us consider a real valued lattice function ℎ : Z𝐾+ → R (which,
in our case, quantifies the ‘benefit’ gained due to an allocation
vector). ℎ is said to be a DR-Submodular function if it exhibits the
diminishing return property, where each additional allocation re-
turns lesser and lesser benefit. Speficifically, the DR-Submodularity
is defined as follows:

Definition 1 (DR-Submodularity [32]). A function ℎ : Z𝐾+ →
R is DR-submodular if for all 𝑖 ∈ [𝐾] and all x ≤ y in Z𝐾+ ,

ℎ(x + e𝑖 ) − ℎ(x) ≥ ℎ(y + e𝑖 ) − ℎ(y).

DR-submodularity captures the intuitive property that marginal
gains decrease as allocations increase. For lattices, there is also a
weaker notion of submodularity referred to as Lattice Submodular-
ity, which is defined as follows:

Definition 2 (Lattice Submodularity [32]). A function ℎ :
Z𝐾+ → R is lattice submodular if for all x, y ∈ Z𝐾+ ,

ℎ(x) + ℎ(y) ≥ ℎ(x ∨ y) + ℎ(x ∧ y),
where ∨ and ∧ denote coordinatewise maximum and minimum, re-

spectively.

We have the following relationship between the two notions of
submodulaities for lattice functions.

Lemma 3 ([32]). Every DR-submodular function on Z𝐾+ is lattice

submodular.

This hierarchy is important as DR-submodularity is easier to ver-
ify while lattice submodularity is required by many approximation
algorithms.

4 Problem Formulation

We formulate two resource allocation problems that arise naturally
in the early stage of an outbreak: detecting at least one infected region
and detecting as many infected regions as possible. The two objectives
use the same data, but answer different surveillance questions. The
first is useful when the main goal is to confirm that an outbreak
exists. The second is useful when the response requires knowing
where the infections are.
Setup and Notation: Consider a system of 𝑘 ∈ Z+ regions, such as
counties in a state, indexed by 𝑖 ∈ [𝐾]. Region 𝑖 has population size
𝑁𝑖 . We focus on an early outbreak snapshot in which some regions
may already have infectious individuals. Let 𝐼𝑖 be the number of
infectious individuals in region 𝑖 , and let 𝑝𝑖 = 𝐼𝑖/𝑁𝑖 ∈ [0, 1] denote
the infection prevalence. Regions with no infection have 𝑝𝑖 = 0.

Let x = (𝑥1, . . . , 𝑥𝐾 ) ∈ Z𝐾+ be the allocation vector, where 𝑥𝑖 is the
number of surveillance resources assigned to region 𝑖 . For example,
𝑥𝑖 may be the number of tests, sentinel samples, or sampling visits
allocated to the region. Each unit in region 𝑖 has cost 𝑐𝑖 > 0, and
the allocation must satisfy the knapsack constraint

𝐾∑︁
𝑖=1

𝑐𝑖𝑥𝑖 ≤ 𝐵,

where 𝐵 is the total surveillance budget. The different choices of 𝑐𝑖
used in the experiments are described in Section 6.

4.1 Detection Likelihood Maximization

The first objective maximizes the probability of detecting the out-
break in at least one region. Allocating 𝑥𝑖 resources to region 𝑖
corresponds to drawing 𝑥𝑖 independent samples from a population
with infection probability 𝑝𝑖 . Let 𝐷𝑖 ∈ {0, 1} be the indicator that
at least one infection is detected in region 𝑖 . Then

Pr(𝐷𝑖 = 1 | x) = 1 − (1 − 𝑝𝑖 )𝑥𝑖 .
This detection model is standard in surveillance optimization [1].
Since the surveillance window is short relative to epidemic time
scales, and samples are collected independently after the prevalence
snapshot is fixed, we treat the detection events as conditionally
independent. This gives the following optimization problem.
Detection Likelihood Maximization (DLM): Given a system
with 𝑘 ∈ Z+ subpopulations experiencing an early stage of an out-
break as described by meta-population modelM, per unit cost 𝑐𝑖
of allocating surveillance resources for each subpopulation 𝑖 , and a
budget constraint 𝐵, find an allocation vector x∗ = (𝑥∗1 , 𝑥∗2 , . . . , 𝑥∗𝑘 ),
such that

x∗ = arg maxx1 −
𝐾∏
𝑖=1

(1 − 𝑝𝑖 )𝑥𝑖

and
∑𝐾
𝑖=1 𝑐𝑖𝑥𝑖 ≤ 𝐵

DLM is an early-warning objective. It is appropriate when a
single confirmed detection is enough to trigger additional response.

4.2 Expected Number of Infected Counties

Detected

The second objective asks for more spatial information. Instead
of only detecting the outbreak somewhere, we want to maximize
the expected number of infected regions that are found by surveil-
lance. Using the same detection variables as above, the objective is∑
𝑖 Pr(𝐷𝑖 = 1 | x).
Expected Number of Infected Counties Detected (ENCD):
Given a system with 𝑘 ∈ Z+ subpopulations experiencing an
early stage of an outbreak as described by meta-population model
M, per unit cost 𝑐𝑖 of allocating surveillance resources for each
subpopulation 𝑖 , and a budget constraint 𝐵, find an allocation
vector x∗ = (𝑥∗1 , 𝑥∗2 , . . . , 𝑥∗𝑘 ), such that

x∗ = arg maxx
𝐾∑︁
𝑖=1

Pr(𝐷𝑖 = 1 | x)

and
∑𝐾
𝑖=1 𝑐𝑖𝑥𝑖 ≤ 𝐵

ENCD is useful when the public health response depends on
knowing the spatial extent of the outbreak. For example, county-
specific interventions require more than one positive signal. Un-
fortunately, both problems DLM and ENCD are computationally
hard.

Theorem 4. Problems DLM and ENCD are NP-hard.

We omit the proof for brevity. The NP-hardness of the problem
rules out exact optimization as a potential solution and motivates
approximation algorithms that exploit the structure of the surveil-
lance objective.
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5 Approach

We now develop approximation-algorithms to solve the problems
mentioned above. The main observation behind our approach is
simple: once the mobility and disease data give us regional preva-
lences 𝑝𝑖 , both DLM and ENCD become monotone objectives on an
integer lattice. The marginal value of an additional test decreases as
more tests are placed. We first use this property to obtain curvature
bounds. We then use the same objects —the lattice-to-set reduc-
tion, marginal gains, costs, and curvature estimates—to develop our
proposed algorithm LAMGreedy.

5.1 Diminishing returns in our objectives

Let 𝑞𝑖 := 1 − 𝑝𝑖 . We denote the DLM and ENCD objectives by

𝑓 (x) = 1 −
𝐾∏
𝑖=1

𝑞
𝑥𝑖
𝑖
, 𝑔(x) =

𝐾∑︁
𝑖=1

(1 − 𝑞𝑥𝑖
𝑖
).

Both objectives have diminishing returns on the integer lattice.

Theorem 5 (DR-Submodularity of Detection Likelihood).
The DLM objective 𝑓 (x) is DR-submodular on Z𝐾+ .

Proof. For coordinate 𝑖 , the marginal gain of one additional unit
is

Δ𝑖 𝑓 (x) = 𝑓 (x + e𝑖 ) − 𝑓 (x) = 𝑝𝑖
𝐾∏
𝑘=1

𝑞
𝑥𝑘
𝑘
.

If x ≤ y, then 𝑞𝑥𝑘
𝑘

≥ 𝑞
𝑦𝑘
𝑘

for all 𝑘 , since 𝑞𝑘 ∈ (0, 1]. Therefore∏
𝑘 𝑞

𝑥𝑘
𝑘

≥ ∏
𝑘 𝑞

𝑦𝑘
𝑘

and Δ𝑖 𝑓 (x) ≥ Δ𝑖 𝑓 (y). □

Theorem 6 (DR-Submodularity of Expected Detections).
The ENCD objective 𝑔(x) is DR-submodular on Z𝐾+ .

Proof. The coordinate marginal is

Δ𝑖𝑔(x) = 𝑔(x + e𝑖 ) − 𝑔(x) = 𝑝𝑖𝑞𝑥𝑖𝑖 .
For x ≤ y, we have 𝑥𝑖 ≤ 𝑦𝑖 , and hence 𝑞𝑥𝑖

𝑖
≥ 𝑞

𝑦𝑖
𝑖
. Thus Δ𝑖𝑔(x) ≥

Δ𝑖𝑔(y). □

The proofs above are short, but they are the key to the rest of the
paper. They show that the quantities computed from the data—𝑝𝑖 ,
𝑞𝑖 , marginal gain, and marginal gain per unit cost—are exactly the
right quantities for a greedy allocation rule.

5.2 Curvature bounds from epidemic prevalence

Curvature measures how much the marginal gains can decay. A
smaller curvature leads to a better approximation guarantee than
the standard worst-case bound for monotone submodular maxi-
mization.

Definition 7 (Total Curvature [32]). For a monotone DR-

submodular function ℎ : Z𝐾+ → R+ defined on the integer lattice

bounded by 𝐵1, the total curvature is

𝜅 := 1 − min
𝑖∈[𝐾 ]

ℎ(e𝑖 | 𝐵1 − e𝑖 )
ℎ(e𝑖 )

,

where ℎ(𝑎 | 𝑏) = ℎ(𝑎 + 𝑏) − ℎ(𝑏).

Let 𝑏𝑖 = ⌊𝐵/𝑐𝑖⌋ be the maximum number of resources that can be
placed in region 𝑖 alone. For our two objectives, the box curvatures
can be written as

𝜅box
𝑔 = 1 − min

𝑖
𝑞
𝑏𝑖−1
𝑖

, 𝜅box
𝑓

= 1 − min
𝑖

𝐾∏
𝑘=1

𝑞
𝑏𝑘−1{𝑘=𝑖 }
𝑘

. (1)

For ENCD, the worst marginal of coordinate 𝑖 occurs after 𝑏𝑖 − 1
previous allocations to the same region. For DLM, the marginal also
depends on allocations in other regions, leading to the product term.
These expressions show why the maximum prevalence controls the
worst-case curvature.

Proposition 8 (Upper Bound for𝜅𝑓 and𝜅𝑔). For 𝑐min = min𝑖 𝑐𝑖
and 𝑝max = max𝑖 𝑝𝑖 , we have:

𝜅𝑓 , 𝜅𝑔 ≤ 1 − (1 − 𝑝max)𝐵/𝑐min .

Proof. Since 1 − 𝑝𝑖 ≥ 1 − 𝑝max and 𝑏𝑖 ≤ 𝐵/𝑐min for every 𝑖 ,
every marginal-ratio term in Equation (1) is lower bounded by
(1 − 𝑝max)𝐵/𝑐min , up to integer rounding. Substituting this lower
bound into 𝜅 = 1 − min𝑖 (marginal ratio) gives the claim. □

The proposition reduces the curvature calculation to estimating
𝑝max. In our setting this is a data extraction step: mobility flows and
disease parameters are summarized into a worst-region prevalence
estimate. Let

M := diag

(∑︁
𝑗

𝑤 𝑗1, . . . ,
∑︁
𝑗

𝑤 𝑗𝐾

)
−W

be the mobility operator. Applying the next-generation matrix con-
struction to the mobility-coupled SEIR system gives

𝑅∗ := 𝜌
(
𝛽 (𝛾I𝐾 +M)−1𝜎 (𝜎I𝐾 +M)−1) . (2)

To see where this expression comes from, linearize the exposed and
infected compartments around the disease-free equilibrium and
write

z = (𝐸1, . . . , 𝐸𝐾 , 𝐼1, . . . , 𝐼𝐾 )⊤ .
New infections and transfers are represented by

F =

[
0 𝛽I𝐾
0 0

]
, V =

[
𝜎I𝐾 +M 0
−𝜎I𝐾 𝛾I𝐾 +M

]
.

The nonzero block of FV−1 is

K𝐸𝐸 = 𝛽𝜎 (𝛾I𝐾 +M)−1 (𝜎I𝐾 +M)−1,

and 𝑅∗ = 𝜌 (K𝐸𝐸). If there is no mobility, this reduces to the usual
𝛽/𝛾 . With mobility, the dominant eigenvector identifies where early
infection mass is likely to concentrate. These regional signals are
then used by both the curvature calculation and LAMGreedy.

Theorem 9 (Average Peak Prevalence). The average preva-
lence at epidemic peak satisfies

𝑝 =
4𝜎

√︁
Δ(𝑅∗)

(𝜎 + 𝛾 +
√︁
Δ(𝑅∗))2

(
1 − 1

𝑅∗
− 1
𝑅∗

ln𝑅∗
)
, (3)

where Δ(𝑅∗) = (𝜎 − 𝛾)2 + 4𝑅∗𝜎𝛾 .

For allocation, the worst regional prevalence is more informative
than the average, because it determines the largest initial detection
probabilities. We therefore adjust the average approximation using
the dominant spatial mode of the next-generation matrix.
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Theorem 10 (Maximum Regional Peak Prevalence). Let v
be the dominant eigenvector of 𝛽𝜎 (𝛾I𝐾 + M)−1 (𝜎I𝐾 + M)−1

with

∥v∥∞ = 1, and define the condition number 𝜅 (v) = max𝑖 v𝑖/min𝑖 v𝑖 .
Let 𝑅∗𝑚𝑎𝑥 := 𝑅∗ · 𝜅 (v). Then the worst-affected region has prevalence:

𝑝max ≈
4𝜎

√︁
Δ(𝑅∗𝑚𝑎𝑥 )

(𝜎 + 𝛾 +
√︁
Δ(𝑅∗𝑚𝑎𝑥 ))2

(
1 − 1

𝑅∗𝑚𝑎𝑥
− 1
𝑅∗𝑚𝑎𝑥

ln𝑅∗𝑚𝑎𝑥

)
(4)

where Δ(𝑅∗𝑚𝑎𝑥 ) = (𝜎 − 𝛾)2 + 4𝑅∗𝑚𝑎𝑥𝜎𝛾 .

This gives a fast way to estimate 𝑝max from the mobility network
and disease parameters. In Section 6, we check this approximation
against SEIR simulations before using it to interpret the greedy
guarantees.

5.3 Our approach: Lattice-Adapted Modified

Greedy

The previous two subsections establish the structure that an al-
location algorithm should exploit: the surveillance objectives are
monotone DR-submodular on an integer lattice, and their marginal
decay can be summarized by curvature. The remaining question
is how to turn this structure into a scalable algorithm with an ap-
proximation guarantee. There is no known curvature-dependent
approximation algorithm that applies directly to our lattice knap-
sack formulation. Curvature-dependent guarantees are available,
but only for monotone submodular set functions under knapsack
constraints. In particular, modified greedy algorithms for set func-
tions repeatedly select the feasible item with largest marginal gain
per unit cost and then compare that greedy solution with the best
single feasible item [20, 42].

We therefore need one additional step before we can use these
set-function tools: we must represent a lattice allocation as a set.
To this end, we leverage Ene–Nguyen reduction [14] to get a power
set representation of lattice allocation. Specifically, for each region
𝑖 , let 𝑏𝑖 = ⌊𝐵/𝑐𝑖⌋ be the largest number of resources that could be
assigned to that region alone. The reduction replaces the integer
coordinate 𝑥𝑖 ∈ {0, . . . , 𝑏𝑖 } by a small collection of binary incre-
ment elements. Selecting an element means adding a fixed block
of resources to region 𝑖; selecting a subset of these elements gives
a lattice vector. Thus the power set of the constructed elements
becomes a compact representation of the original feasible lattice
allocations.

Lemma 11 (Ene–Nguyen encoding [14]). For each region 𝑖 , there
is a decomposition 𝑏𝑖 =

∑𝑡𝑖
𝑗=1 𝑎𝑖 𝑗 with 𝑡𝑖 ≤ 2 log𝑏𝑖 + 1 such that every

integer allocation 0 ≤ 𝑞 ≤ 𝑏𝑖 can be represented as the sum of a subset

of {𝑎𝑖1, . . . , 𝑎𝑖𝑡𝑖 }. Here, 𝑎𝑖 𝑗 at a given 𝑗 has values given by 𝑎𝑖 = 2𝑖−2
.

Proof sketch. Use the binary representation of 𝑏𝑖 and include
powers of two as increment elements, splitting the largest power if
needed to cover all values up to 𝑏𝑖 . This gives only logarithmically
many increments per coordinate. □

Let 𝐸′ be the resulting ground set, with elements (𝑖, 𝑗) corre-
sponding to increment size 𝑎𝑖 𝑗 in region 𝑖 . For a subset 𝑆 ⊆ 𝐸′,
define the induced allocation

𝑥𝑖 (𝑆) =
∑︁

𝑗 :(𝑖, 𝑗 ) ∈𝑆
𝑎𝑖 𝑗 ,

and define the reduced set function ℎ̃(𝑆) = ℎ(x(𝑆)). Next, we
demonstrate why this representation is not merely a data struc-
ture: it transfers the DR-submodular lattice objective into the set-
function setting where modified greedy guarantees apply.

Theorem 12 (Reduction preserves structure). For ℎ ∈ {𝑓 , 𝑔},
the set function ℎ̃(𝑆) = ℎ(x(𝑆)) is monotone submodular, has curva-

ture at most that of ℎ, and has the same optimum value under the

induced knapsack costs.

Proof. Let 𝑆 ⊆ 𝑇 ⊆ 𝐸′ and let 𝑒 = (𝑖, 𝑗) ∉ 𝑇 . The encoding is
monotone, so x(𝑆) ≤ x(𝑇 ). DR-submodularity of ℎ gives

ℎ(x(𝑆) + 𝑎𝑖 𝑗e𝑖 ) − ℎ(x(𝑆)) ≥ ℎ(x(𝑇 ) + 𝑎𝑖 𝑗e𝑖 ) − ℎ(x(𝑇 )),

which is the diminishing returns inequality for ℎ̃. Monotonicity
follows because adding an increment only increases one coordinate.

For curvature, each reduced marginal is a lattice marginal along a
feasible coordinate increment. The smallest reduced marginal ratio
is therefore no smaller than the smallest marginal ratio defining
the lattice curvature, so 𝜅

ℎ̃
≤ 𝜅ℎ . Finally, Lemma 11 ensures that

every feasible integer allocation is represented by a subset of 𝐸′ and
every subset maps to a feasible allocation with the same objective
value and induced cost. Hence the optimal values coincide. □

We can now put the pieces together. First, the prevalence esti-
mates define ℎ ∈ {𝑓 , 𝑔} and the closed-form marginal gains. Second,
DR-submodularity lets the Ene–Nguyen encoding produce a mono-
tone submodular set function ℎ̃. Third, Wolsey’s modified greedy
rule runs on the encoded increments using marginal gain per cost.
Finally, the chosen set maps back to the original lattice allocation.
We call the resulting algorithm LAMGreedy, and it is the algorithm
used in all empirical results.

Algorithm 1 LAMGreedy
Input: Objective ℎ ∈ {𝑓 , 𝑔}, costs c, budget 𝐵

Output: Allocation x̂ ∈ Z𝐾+
1: Compute 𝑏𝑖 = ⌊𝐵/𝑐𝑖⌋ for each region 𝑖 .
2: Construct the Ene–Nguyen increment ground set 𝐸′ = {(𝑖, 𝑗) :
𝑗 ≤ 𝑡𝑖 } and the induced set function ℎ̃(𝑆) = ℎ(x(𝑆)).

3: Run modified greedy on ℎ̃: iteratively add the feasible element
𝑒 ∈ 𝐸′ \ 𝑆 maximizing [ℎ̃(𝑆 ∪ {𝑒}) − ℎ̃(𝑆)]/𝑐 (𝑒).

4: Let 𝑆𝑔 be the density-greedy set and let 𝑆1 be the best single
feasible element.

5: Choose 𝑆∗ = arg max{ℎ̃(𝑆𝑔), ℎ̃(𝑆1)} and map it back to x̂ =

x(𝑆∗).
6: return x̂

LAMGreedy is natural for surveillance. It can place several re-
sources in a high-risk county while the marginal gain stays high,
and it can move to a lower-cost county when the density becomes
better there. That is the operational tradeoff between repeated
sampling in one place and broader spatial coverage.

Marginal gains used in the implementation. The implementation
does not need to estimate the objective by simulation while it
is optimizing. Once the prevalence vector is fixed, the marginal
gains are available in closed form. Suppose the reduced element
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corresponds to adding 𝑎 units to region 𝑖 . If the current allocation
is x, then for DLM,

𝑓 (x + 𝑎e𝑖 ) − 𝑓 (x) =
(
𝐾∏
𝑘=1

𝑞
𝑥𝑘
𝑘

)
(1 − 𝑞𝑎𝑖 ),

and for ENCD,

𝑔(x + 𝑎e𝑖 ) − 𝑔(x) = 𝑞𝑥𝑖𝑖 (1 − 𝑞𝑎𝑖 ).
The cost of the increment is 𝑎𝑐𝑖 , so LAMGreedy ranks candidates
by these gains divided by 𝑎𝑐𝑖 . The reduction is therefore not only
a proof device. It supplies a compact list of feasible increments
for every county, and the formulas above evaluate each candidate
directly from the extracted prevalence and cost data. We maintain
the product term for DLM and the coordinate terms for ENCD, so
each greedy step updates only the quantities affected by the selected
increment. No epidemic trajectory is simulated inside the greedy
loop. Simulation and spectral calculation build the surveillance
instance, and LAMGreedy then solves the deterministic allocation
problem that instance induces. This keeps the method scalable and
makes every selected unit auditable through its explicit marginal
value and cost.

Theorem 13 (Curvature-Dependent Guarantee for LAM-
Greedy). Let 𝜅

ℎ̃
∈ (0, 1] be the curvature of the reduced set function

ℎ̃ induced byℎ ∈ {𝑓 , 𝑔}. Algorithm 1 returns an allocation x̂ satisfying

ℎ(x̂) ≥ 1
𝜅
ℎ̃

(1 − 𝑒−𝜅ℎ̃𝑧)ℎ(x∗), (5)

where x∗ is an optimal lattice allocation and 𝑧 ∈ [0, 1] is the unique
root of

1
𝜅
ℎ̃

(1 − 𝑒−𝜅ℎ̃𝑧) = 1 − 𝑧
1 + 𝜅

ℎ̃
(1 − 𝑧) .

Moreover, Theorem 12 gives 𝜅
ℎ̃
≤ 𝜅ℎ , so the prevalence-based curva-

ture bound from Proposition 8 provides a computable conservative

guarantee for the original lattice problem.

Proof sketch. The Ene–Nguyen encoding converts the original
lattice instance into the set-function instance ℎ̃ without changing
the optimum value. Algorithm 1 is exactly the modified greedy algo-
rithm applied to ℎ̃ under the induced knapsack costs. The curvature-
dependent modified-greedy guarantee for monotone submodular
set functions therefore applies to ℎ̃ [20, 42]. Mapping the returned
set back through x(𝑆) preserves objective value, which gives the
stated guarantee for ℎ. □

5.4 Online performance certification

Worst-case ratios are conservative. After LAMGreedy returns an
allocation, we compute an instance-specific upper bound using
the same marginal gains used by the algorithm [1]. Let x̂ be the
LAMGreedy solution. For each region 𝑖 , define 𝜎𝑖 := ⌊𝐵/𝑐𝑖⌋, Δ𝑖 :=
ℎ(x̂ ∨ 𝜎𝑖e𝑖 ) − ℎ(x̂), and 𝛿𝑖 := Δ𝑖/(𝑐𝑖𝜎𝑖 ).

Theorem 14 (Online Bound). Order regions such that 𝛿𝑠1 ≥
𝛿𝑠2 ≥ · · · ≥ 𝛿𝑠𝐾 , and let 𝐾∗

be the cutoff index where

∑𝐾∗−1
𝑗=1 𝑐𝑠 𝑗𝜎𝑠 𝑗 ≤

𝐵 <
∑𝐾∗
𝑗=1 𝑐𝑠 𝑗𝜎𝑠 𝑗 . Then:

ℎ(x∗) ≤ ℎ(x̂) +
𝐾∗−1∑︁
𝑗=1

Δ𝑠 𝑗 +
𝐵 − 𝜃

𝑐𝑠𝐾∗𝜎𝑠𝐾∗
Δ𝑠𝐾∗ , (6)

where 𝜃 =
∑𝐾∗−1
𝑗=1 𝑐𝑠 𝑗𝜎𝑠 𝑗 .

Proof. Consider any feasible allocation y. DR-submodularity
implies that the value gained by moving from x̂ toward y is upper
bounded by evaluating remaining one-coordinate improvements at
x̂. For coordinate 𝑖 , the largest such block improvement is

Δ𝑖 = ℎ(x̂ ∨ 𝜎𝑖e𝑖 ) − ℎ(x̂),
where 𝜎𝑖 = ⌊𝐵/𝑐𝑖⌋. The cost-normalized value 𝛿𝑖 = Δ𝑖/(𝑐𝑖𝜎𝑖 ) is an
upper bound on the residual density available from coordinate 𝑖 .

Relax the residual problem to a fractional knapsack instance
whose items are these coordinate blocks. This relaxation upper
bounds any feasible integral allocation, including the optimum. The
fractional knapsack solution sorts blocks by decreasing density and
takes full blocks until the cutoff, plus a fraction of the cutoff block.
This gives the expression in the theorem after adding ℎ(x̂). □

This certificate is useful in the experiments because it is com-
puted from the same data products used by LAMGreedy: prevalence
estimates, costs, and residual marginal gains. It tells us how close
the returned allocation is to optimal for the particular surveillance
instance.

5.5 A theoretical benchmark via continuous

greedy

We next state the strongest theoretical algorithm that follows from
the above structure. This algorithm is useful as a benchmark and
for the approximation result, but it is not the algorithm used in the
experiments as it is prohibitively expensive.

Algorithm 2 Continuous Greedy for Surveillance Allocation
Input: Objective ℎ ∈ {𝑓 , 𝑔}, costs c, budget 𝐵, precision 𝜖

Output: Allocation x̂ ∈ Z𝐾+ with ∥x̂∥𝑐 ≤ 𝐵

1: Compute bound on curvature 𝜅 using Proposition 8
2: Use the increment encoding from Subsection 5.3 to construct
ℎ̃ : 2𝐸 → R+, where |𝐸 | =𝑂 (𝐾 log𝐵)

3: Apply Yoshida’s algorithm [47] to ℎ̃ with knapsack constraint
4: Convert solution 𝑆 ⊆ 𝐸 back to lattice allocation x̂
5: return x̂

The continuous-greedy benchmark uses the same Ene–Nguyen
encoding introduced in Subsection 5.3. Theorem 12 ensures that the
reduced function is a monotone submodular set function with no
larger curvature and the same optimal value as the original lattice
instance. Therefore Yoshida’s curvature-dependent set-function
algorithm can be applied to the reduced instance and then mapped
back to a surveillance allocation.

Theorem 15 (Approximation Guarantee). For both objectives

ℎ ∈ {𝑓 , 𝑔} with curvature 𝜅 under knapsack constraint

∑
𝑖 𝑐𝑖𝑥𝑖 ≤ 𝐵,

Algorithm 2 returns an allocation x̂ such that

ℎ(x̂) ≥
(
1 − 𝜅

𝑒
− 𝜖

)
ℎ(x∗), (7)

where x∗ is the optimal solution. Its running time is

𝑂

(
𝐾5 log5 𝐵 +𝐾4 log4 𝐵 polylog(𝐾 ) (1/𝜖 )poly(1/𝜖 )

)
.
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Proof sketch. The reduction constructs a set function ℎ̃ on
𝑂 (𝐾 log𝐵) elements that preserves feasibility, objective value,
monotonicity, submodularity, and curvature up to the bound in
Theorem 12. Applying Yoshida’s curvature-dependent continuous-
greedy algorithm to ℎ̃ and mapping the solution back to the lattice
gives the stated guarantee and running time. □

6 Experiments

We now evaluate our algorithm, LAMGreedy, against baselines in
various tasks. The goals of the experiments are: (i) to compare LAM-
Greedy against natural baselines on surveillance instances built
from mobility data, (ii) to check if the prevalence approximation
used in the curvature analysis is accurate, and (iii) to compare the
LAMGreedy solutions with the online and offline bounds. All exper-
iments were conducted on an AMD EPYC 7763 machine with 2TB
memory and 8 NVIDIA A40 GPUs, each with 48GB memory. The
code and data are available at https://github.com/Mordecai2001/
near-optimal-surveillance.
Datasets and Setup:We construct county-level mobility networks
for Iowa, Georgia, and Texas from two heterogeneous sources:
FRED and Facebook. FRED (Framework for Reconstructing Epidemi-
ological Dynamics) provides synthetic population and commuting
data that is useful for influenza modeling [38]. Facebook provides
social connectedness and co-location probability data released by
Meta [2]. On each network, we simulate both COVID-19, represent-
ing a high-transmissibility setting [15], and Influenza, representing
a moderate-transmissibility setting [26].
Baselines: We compare against five baselines. Naive Integer
Greedy repeatedly selects the feasible unit with the largestmarginal
gain until the budget is exhausted, but does not use the modified-
greedy comparison between the greedy prefix and the best single
item. Set Greedy selects each region at most once using marginal
gain. Log-Population Heuristic allocates resources according to
log(pop𝑖 ). Centrality Heuristic allocates according to eigenvec-
tor centrality in the mobility network. Random Baseline selects
feasible regions uniformly at random until the budget is exhausted.
Costs: We use three cost models. In the Log-Population Cost
model, 𝑐𝑖 = log(1 + 𝑁𝑖 )/log(1 + 𝑁max). Larger counties are more
expensive, but the cost grows sublinearly to reflect economies of
scale in surveillance infrastructure [4]. In theDistance-BasedCost
model, we treat the mobility network as an effective-distance graph
with edge weight𝑤𝑢𝑣 = 1/(𝑀𝑢𝑣 + 𝜖) and set 𝑐𝑖 = 1 + 𝛽𝑑 (ℎ, 𝑖)/𝑑max,
where ℎ is the most populous hub and 𝛽 = 2.0. Thus counties
that are well connected by mobility flow are cheaper to reach than
isolated counties. In the Centrality-Based Cost model, we use
betweenness centrality 𝐶𝐵 (𝑖) and set 𝑐𝑖 = max(0.5, 3.0 − 2𝛿𝐶𝐵 (𝑖))
with 𝛿 = 2.0. This captures the assumption that central locations
already have transportation or laboratory infrastructure. These
three models test whether the algorithm is robust to population,
distance, and network-infrastructure costs.
From data to optimization instances: Each experiment follows
the same pipeline. First, we convert county-level mobility flows
into a directed weighted graph and normalize it to obtain the move-
ment operator in the SEIR model. Second, the disease parameters
and mobility graph give a prevalence vector, either through SEIR
simulation or through the analytical approximation in Section 5.2.

Third, the prevalence vector 𝑝𝑖 and the chosen cost vector 𝑐𝑖 define
the DLM and ENCD objectives. Finally, all methods are run on the
same (𝑝𝑖 , 𝑐𝑖 , 𝐵) instance. This keeps the comparison focused on
allocation quality, rather than differences in the epidemiological
inputs.
Evaluation protocol: For every state, disease, mobility source,
objective, cost model, and budget, we record the final objective value
returned by each method, which is the detection probability for
DLM and the expected number of detected counties for ENCD. We
sweep budgets from scarce-resource settings, where good allocation
ismost important, to larger budgets, where detection values begin to
saturate. For the prevalence approximation, we compare 𝑝max with
the empirical maximum prevalence from repeated SEIR simulations
and report relative error.
Implementation details: All methods are evaluated on the same
deterministic objective values after the prevalence vector has been
extracted. This means that the optimization algorithms are not
allowed to use different random epidemic realizations. For inte-
ger methods, a candidate move is an additional allocation unit or
reduced-lattice increment, with cost equal to the number of units
times the county cost. For set greedy, a county can be selected only
once. This is a deliberate baseline that shows the loss from forcing
a set representation. For LAMGreedy and naive integer greedy,
repeated allocations are allowed until the budget is exhausted. Ties
are broken deterministically. This setup is close to what a public-
health planner would see, namely one estimated risk snapshot, one
cost model, and a fixed budget.

This separation also tells us where error originates. The valida-
tion plots and tables ask whether the analytical prevalence estimate
is close to SEIR simulation, and in our experiments it is accurate
enough that the dominant differences in objective value come from
the allocation strategy, especially under heterogeneous costs.
E 1. Performance on Simulated Outbreaks in Real Networks:

Figure 1 shows representative Iowa results for bothmobility sources.
The top row corresponds to COVID-19 and the bottom row to In-
fluenza. Within each disease, the Facebook panel and the FRED
panel come from the same disease parameters, cost models, objec-
tives, and budget grid, so the figure isolates the effect of changing
the mobility data source while the optimization task stays fixed.
All four panels solve both DLM and ENCD under the reported cost
models. LAMGreedy consistently gives larger objective values than
the baselines, and the improvement is most visible when costs are
heterogeneous.

For DLM, the advantage is strongest at small and moderate bud-
gets, where each additional unit must be placed carefully before
detection probability saturates. For ENCD, the advantage persists
over a wider budget range because the objective continues to re-
ward spatial coverage of multiple infected counties. The FRED
panels also show that the pattern is not an artifact of the Facebook
mobility graph: changing the mobility source shifts the relative
difficulty of counties and changes the detailed budget curves, but
the density-based lattice allocation still dominates the set-based
and heuristic baselines. This is important because FRED and Face-
book encode different mobility signals, with FRED emphasizing
synthetic commuting and population movement and Facebook re-
flecting social connectedness and co-location data. Our additional

https://github.com/Mordecai2001/near-optimal-surveillance
https://github.com/Mordecai2001/near-optimal-surveillance
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(a) COVID-19, Facebook (b) COVID-19, FRED

(c) Influenza, Facebook (d) Influenza, FRED

Figure 1: Performance comparison of LAMGreedy and baselines as a function of surveillance budget in Iowa. The top row

shows COVID-19 and the bottom row shows Influenza; the left column uses the Facebook mobility graph and the right column

uses the FRED mobility graph.

experiments show that the same pattern appears on the Georgia
and Texas networks.
E 2. Performance with Respect to Bounds:We next compare
LAMGreedy with the online and offline upper bounds. We use a
synthetic instance with 10 regions, heterogeneous costs, capaci-
ties, and prevalences so that the bounds can be inspected directly.
The online upper bound comes from Theorem 14 and adds to the
LAMGreedy value a fractional-knapsack relaxation over the re-
maining marginal gains. The offline upper bound is obtained from
the worst-case approximation ratio in Theorem 13. Figure 2 shows
that the LAMGreedy solution is close to the online upper bound
across budgets, while the offline bound is looser. This is expected

as the offline bound is worst-case, whereas the online bound uses
the marginal gains of the actual instance.
E 3. Validation of approximated 𝑝max: The curvature analysis
uses an analytical estimate 𝑝max of the largest regional prevalence.
We therefore check whether this estimate matches simulations. We
vary the reproduction number 𝑅0, the mobility topology, and the
budget-to-cost ratio. For each setting, we compare 𝑝max with the
maximum prevalence observed in stochastic SEIR simulations.

Table 1 shows that the approximation tracks the simulation
values closely, with errors below 6% in the tested settings. We also
validate the approximation on a real mobility network. Figure 3
uses the Iowa Facebook graph and shows that the analytical curve
follows the SEIR simulation points over a range of reproduction
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Figure 2: Comparing LAMGreedy solution to online and

offline theoretical upper bounds.

Table 1: Validation of theoretical predictions against SEIR

simulations. Errors are relative to simulation means.

𝑅0 Topo 𝐵/𝑐 Max Prev 𝑝max

Approx Sim (Err)

2.0 Mixed 2.0 0.0933 0.0942 (1.0%)
2.5 Hub 2.5 0.1391 0.1439 (3.3%)
3.0 Ring 3.0 0.1753 0.1815 (3.4%)
3.5 Hub 3.5 0.2036 0.2165 (5.9%)
4.0 Mixed 4.0 0.2259 0.2398 (5.8%)

Figure 3: Validation of theoretical prevalence predictions

against SEIR metapopulation simulations on real data using

the Facebook mobility graph on IA.

numbers. This gives us confidence that the prevalence estimate
is accurate enough to support the curvature and greedy-bound
calculations.
E 4. Curvature Bounds: We finally examine the curvature values
used to interpret LAMGreedy. Once 𝑝max is available, the bounds
𝜅𝑓 and 𝜅𝑔 can be computed without running a large number of
additional simulations. Table 2 reports representative settings. For
small and moderate values of 𝐵/𝑐 , the curvature is noticeably below
one, and the corresponding greedy guarantee is tighter than the
standard (1−1/𝑒) bound. This is the regime that is most relevant to

Table 2: Curvature bounds and greedy guarantees. Curvature

bounds𝜅𝑔, 𝜅𝑓 are computed from validated prevalence values.

𝑅0 Net Bud 𝑝 𝑝max 𝜅𝑓 , 𝜅𝑔 Ratio
Type 𝐵/𝑐 (val) (val) bounds (1 − 𝜅

𝑒
)

2.0 Mixed 10 0.094 0.094 0.62 77%
2.0 Mixed 30 0.094 0.094 0.95 65%
2.5 Hub 10 0.144 0.144 0.78 72%
2.5 Hub 20 0.144 0.144 0.96 65%
3.0 Ring 10 0.181 0.182 0.85 69%
3.0 Ring 30 0.181 0.182 1.00 63%
3.5 Hub 10 0.216 0.217 0.89 67%

Note: The ratio column reports the curvature-dependent guarantee obtained from the listed
curvature bound.

Figure 4: Curvature bound 𝜅𝑔 for ENCD as a function of bud-

get.

Figure 5: Curvature-dependent greedy guarantees as a func-

tion of surveillance budget.

early-stage surveillance, where resources are limited and the first
allocations matter most.

Figure 4 shows the same effect as the budget grows. Curvature
approaches one as the best detection opportunities are saturated.
This does not mean that the algorithm fails; it means that the
problem becomes closer to the standard worst case. Figure 5 shows
that the guarantee smoothly approaches the classical threshold
rather than collapsing.
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7 Discussion and Robustness

The main empirical finding is that the lattice formulation matters.
Across Iowa, Georgia, and Texas, for COVID-19 and Influenza,
on Facebook and FRED mobility networks, and under all three
cost models, LAMGreedy matches or improves over the strongest
integer-greedy baseline and clearly outperforms one-shot set greedy
and the population, centrality, and random heuristics. The gap is
largest when costs are heterogeneous, because the algorithm must
decide whether to add another unit to a high-prevalence region or
move to a cheaper region with slightly lower prevalence. That is the
decision captured by the marginal-gain-per-cost rule, and selecting
a county once cannot express it. The integer lattice also makes the
allocation easier to audit, because each selected increment carries a
marginal value, a cost, and a contribution to the online certificate.

The theoretical quantities are useful in practice as well. When
budgets are small, a few regions have high marginal value and the
curvature falls below its worst-case value, giving stronger guaran-
tees. As the budget grows, the best opportunities are used up and
the guarantee falls back toward the classical submodular bound.
The online bound stays more informative because it is computed
after LAMGreedy has seen the actual instance and reflects the
residual marginal gains of the returned allocation.

7.1 Modeling assumptions and deployment

Our workflow separates the epidemiological layer from the opti-
mization layer. Mobility data, disease parameters, and any available
surveillance measurements produce a prevalence vector 𝑝𝑖 , and the
optimizer then takes 𝑝𝑖 , the cost vector 𝑐𝑖 , and the budget 𝐵 and
returns an allocation. If wastewater measurements, syndromic re-
ports, or hospital admissions update the prevalence estimates, only
𝑝𝑖 changes and LAMGreedy can be rerun. Updated mobility data
or temporary changes in laboratory capacity are handled the same
way, by recomputing the movement operator or the cost vector.

The independence assumption in the objectives is integral to our
analysis, so any real-world allocation made as per our algorithm
has to be independent of other allocations for our theoretical results
to hold. Disease spread across counties is not assumed indepen-
dent, because mobility-driven dependence is already reflected in
the metapopulation SEIR model and in the prevalence estimates.
The assumption is that, after the prevalence snapshot is fixed, ran-
dom samples collected in different regions produce conditionally
independent detection events. Deployment effects such as shared
laboratories, delays, or reporting correlations can be handled by
recalibrating the detection probabilities before the allocation step.

The current experiments use simple per-unit cost models to iso-
late the effects of population, mobility, and network centrality. Real
deployments may add fixed start-up costs, staffing constraints, or
equity requirements, which richer lattice increments or additional
constraints can represent, though they require separate approxi-
mation analysis if the same certificates are desired. The present
contribution is therefore a baseline data-to-allocation pipeline, in
which prevalence extraction defines the objective, LAMGreedy
solves the lattice allocation, and the online bound certifies the re-
turned solution.

8 Conclusion

We studied how to allocate limited surveillance resources across
regions during the early stage of an epidemic. We formulated two
objectives, maximizing the probability of detecting at least one
infected region and maximizing the expected number of infected
regions detected. Both objectives are NP-hard, and both are DR-
submodular on the integer lattice. This structure is what connects
epidemic data to approximation algorithms, since the prevalence
estimates determine the objective, the curvature bounds, and the
marginal gains used by the optimizer.

The main algorithmic contribution is LAMGreedy, a lattice-
adapted modified greedy algorithm for surveillance allocation. Con-
tinuous greedy provides a theoretical benchmark, but LAMGreedy
is the practical method. It reuses the lattice-to-set representation,
the curvature estimates, and themarginal-gain quantities developed
in the analysis, and it returns an allocation that can be inspected
one increment at a time. On real mobility networks from Iowa,
Georgia, and Texas, for both COVID-19 and Influenza, LAMGreedy
consistently outperforms natural baselines under several cost mod-
els. Mobility and disease data become prevalence estimates, those
estimates define a lattice objective, LAMGreedy produces a feasi-
ble allocation, and the online bound certifies it for early outbreak
surveillance planning.
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