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Abstract. This paper presents methods to choose individuals to test for infection during
a pandemic such as COVID-19, characterized by high contagion and presence of asymptom-
atic carriers. The smart-testing ideas presented here are motivated by active learning and
multi-armed bandit techniques in machine learning. Our active sampling method works in
conjunction with quarantine policies, can handle different objectives, and is dynamic and
adaptive in the sense that it continually adapts to changes in real-time data. The bandit algo-
rithm uses contact tracing, location-based sampling and random sampling in order to select
specific individuals to test. Using a data-driven agent-based model simulating New York City
we show that the algorithm samples individuals to test in a manner that rapidly traces
infected individuals. Experiments also suggest that smart-testing can significantly reduce the
death rates as compared with current methods, with or without vaccination. While smart test-
ing strategies can help mitigate disease spread, there could be unintended consequences with
fairness or bias when deployed in real-world settings. To this end we show how procedural
fairness can be incorporated into our method and present results that show that this can be
done without hurting the effectiveness of the mitigation that can be achieved.
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1. Introduction

information systems in disaster management as well

This paper presents a method to actively sample indivi-
duals in a population as a way to mitigate the spread of
pandemics such as COVID-19. Sampling algorithms are
commonly used in machine learning to acquire training
data labels for classification (“active learning”; Cohn
et al. 1996, Zheng and Padmanabhan 2006) and in ban-
dit algorithms (Macready and Wolpert 1998, Auer et al.
2002) to explore complex search spaces through explo-
ration and exploitation. Doing so in the context of
improving decisions generally has been stressed in the
information science literature before (Saar-Tsechansky
and Provost 2007). The method we present in this paper
builds on these ideas, but does so in the context of con-
taining the spread of an epidemic in a population, and
thus contributes to the nascent literature on the role of

120

(Abbasi et al. 2021).

The literature on managing disease spread through
ideas based on active sampling is primarily from the pub-
lic health area. There are two reasons why this literature
has considered sampling, although both are sometimes
intertwined in the context of population surveillance (Lee
et al. 2010). The first is to estimate the actual incidence or
spread of a disease, such as HIV, in a population. In the
case of estimating HIV incidence, methods such as a pop-
ulation survey and “sentinel surveillance” (Fylkesnes et al.
1998, Magnani et al. 2005) have been shown to be useful.
The population survey in a catchment area (i.e.,, where
there is likely disease) is (stratified/cluster) random sam-
pling; it is generally considered the gold standard, but it
is also known to be expensive (Lee et al. 2010). Sentinel
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surveillance, in contrast, gathers data from a subset of
venues (the “sentinels”; e.g., clinics) where the subset
with the disease is likely to visit for treatment. Recogniz-
ing that sensitive diseases like HIV may be prevalent in
hard-to-reach populations that might stay under the radar
because of activities that are illegal or illicit (e.g. sex work-
ers, drug users), the literature (Magnani et al. 2005, Goel
and Salganik 2010) has critically studied other techni-
ques such as snowball sampling (starting with a few
seeds who have the disease and asking them to name
others who might), respondent-driven sampling (simi-
lar to snowball, but longer chains with fewer referrals
per seed), and time-location sampling (e.g., sampling
users at nights in districts with brothels). With sensor
data, newer forms of sampling are emerging as well. It
has been shown, for instance, that to quantify disease
spread in livestock that sampling the nodes (physical
locations) where there is greatest movement can be
effective (Dawson et al. 2015).

The second reason for considering sampling strategies is
to mitigate the spread of disease by identifying individuals
who need to be quarantined or tested. One method to do
this, common in the public health literature is contact trac-
ing (Huerta and Tsimring 2002, Eames and Keeling 2003,
Underwood et al. 2003). The idea is to sample contacts of
known infected individuals for presence of disease, and,
along with quarantine, is the main mechanism used world-
wide during the COVID-19 pandemic (Hellewell et al.
2020, Salathé et al. 2020). Traditionally, contact tracing is
done through questionnaires, but newer automated con-
tact tracing based on tracking cell phone proximities
have also been proposed (Ferretti et al. 2020).

The SARS-Cov-2 pathogen and its transmission have
the following unique characteristics, though, that make
none of these current sampling methodologies sufficient
by themselves.

e The possibility of presymptomatic and asymptom-
atic spread rule out pure sentinel-based strategies that
would test those who report at clinics with symptoms.
For the same reason, contact tracing alone would be
insufficient. This is because contact tracing pursues
only contacts of those known to have tested positive.
Asymptomatic carriers may have also been transmit-
ting the disease to their contacts, but those will not be
actively sought by this strategy. Hence, random sam-
pling is also useful.

e The pathogen has also been shown to survive on
surfaces or in air in specific locations for extended peri-
ods of time. Hence, location-based sampling may also
be useful.

e There is uncertainty about whether individuals
develop long-lasting immunity. Hence sampling strate-
gies may have to allow for retesting the same indivi-
duals repeatedly.

e Information about how covariates influence get-
ting the disease (and its variants) is still evolving. For

instance, while we know that comorbidities and age affect
outcomes, there is still uncertainty about whether this
knowledge is complete. Moreover, how covariates might
affect contracting the disease is still uncertain. In this envi-
ronment, covariate-based sampling strategies alone might
be insufficient. Dynamic sampling strategies that target
specific individuals to test is therefore critical.

e The highly infectious nature of the pathogen and
the extent of worldwide spread have placed constraints
on testing capacities, requiring prioritizing tests if they
are to be useful in mitigating the spread.

This paper addresses all five aspects noted above, by
presenting dynamic active sampling strategies based on
multi-armed bandit algorithms that can generate real-
time lists of whom to sample. Bandit algorithms are par-
ticularly good at balancing exploration with exploitation
and have seen success in many scenarios where this
tradeoff is important. This is the case with SARS-Cov-2,
where exploration (random sampling) has to be effectively
combined with exploitation (contact tracing, location-
based sampling) in a dynamic manner based on data.
One of the key aspects of our work is that we identify
specific individuals to test/sample, as opposed to crite-
ria or covariate-based sampling strategies.

Furthermore, our algorithm operates in a high uncer-
tainty network environment. Specifically, the contacts
between individuals are initially only partially observ-
able and are revealed gradually based on individual
sampling. Our proposed bandit algorithm, therefore, first
uses the Thompson sampling strategy to trade off bet-
ween expansion in unobserved nodes to identify possible
new hot spots, versus densification on the observed por-
tion to utilize the knowledge learned for testing. If densi-
fication is chosen, then an inner-level upper confidence
bounding (UCB) policy is designed to balance between
the individuals having higher probability of infection
versus those having greater information uncertainty. In
order to model how the sampling affects, and in turn is
affected by, the underlying environment, we implement
an agent-based model constructed from realistic data
from New York City.

Several recent COVID-19 studies have focused on the
ability to predict and flatten the spread of the disease by
applying different intervention policies (Atkeson 2020,
Chang et al. 2020, Topirceanu et al. 2020, Baxter et al.
2022). Among the policies that were examined were case
isolation, home quarantine, social distancing, restrictions
on air travels, and school closures and reopening. To
assess the efficiency of the restrictions, most of these
studies coupled S/I/R (susceptible/infected /recovered)
diffusion modeling (Hethcote 2000, Cooper et al. 2020),
with agent-based (simulation) models (ABM) (Perez and
Dragicevic 2009) of infectious spread under different
restrictions scenarios. Among these studies, an ABM of
the COVID-19 spread in the city of New York under dif-
ferent quarantine policies was offered by Hoertel et al.
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(2020). This model serves as a basis for the ABM that we
developed in this work.

There is a similar question of whom to vaccinate (Chen
et al. 2020). Also in contemporaneous work, Grushka-
Cohen et al. (2020) presented a framework that uses his-
torical data to build a classifier that computes a “risk
score,” which is the basis of determining how to combine
exploration and exploitation. Our framework is general
and allows for various vaccination policies to be incorpo-
rated into the background dynamics in order to test the
effectiveness of combinational strategies such as smart
testing with vaccination.

We make the following contributions. First, we present
a novel active sampling algorithm to effectively manage
pandemics such as COVID-19. We develop a general
multi-armed bandit framework for this problem that (a)
can leverage information of different types such as indivi-
duals and locations, (b) can handle uncertainty in both
the underlying disease dynamic as well as information,
and (c) is built to proactively sample based on in-
dividuals and not covariates. Second, our work adds to
the literature on multi-armed bandits. Beyond classic
bandit problems, most of the existing work regarding
exploration/exploitation trade-offs under graph struc-
tures assumes that the complete network structure and
underlying process is known beforehand. We model
the partially observed scenarios and show how the net-
work can be strategically expanded over time to sup-
port the active sampling strategy. Third, we show that
smart testing is still important, even when vaccination
is available, assuming that some portion of the indivi-
duals cannot or will not get the vaccine in a timely manner.
Finally, given our understanding today that algorithms
could have unintended consequences such as potential
bias or fairness issues, we present an analysis of the fairness
impact of our proposed method and show that, in our con-
text, it does exhibit fairness based on outcomes. However,
real-world contexts are likely different than the specific
ABM that we study here in terms of how attributes such as
race or gender influence the underlying dynamics. There-
fore, we also present two variants of our method that can
be implemented to have procedural fairness.

Before presenting the details, it is worth emphasizing
that smart testing strategies are needed, even if tests are
cheap and/or vaccines are available for the following
reasons.

o Tests are never truly free; there is an infrastructure
behind the testing (generating the tests, distributing,
obtaining and storing results) that is expensive.

e In active infections that have high economic im-
pact, policy makers may need to provide incentives to
make individuals take these tests, particularly if they
are asymptomatic.

e Pandemics such as COVID-19 are likely going to
recur in the future, with no guarantees that tests for
future infections will be cheap (particularly in the early

stages, when active testing can play a critical role). The
methodology presented in this paper applies to miti-
gating the spread of any pandemic.

e We view vaccines as complementary to testing,
and, as we show, active testing strategies remain im-
portant, even with vaccinations as a combinational strat-
egy to manage pandemics.

2. Problem Formulation

Taking a policy maker’s perspective, our setting has three
components. The data setting represents knowledge about
individuals and their spatiotemporal behavior. The pro-
cess setting represents knowledge about the underlying
disease spread. The policy makers’ setting represents what
policy makers are assumed to have access to, and, accord-
ingly, what the sampling algorithm will use. These are
described below.

Data setting:

e a population of individuals P,

e aset of locations L in the city,

e spatiotemporal data about individuals in P over L.

Process setting:

e initial actual disease state (e.g., S/I/R) of each
individualinp € P,

e a spatiotemporal model of contagion that repre-
sents how the disease spreads in the population.

The policy makers’ setting involves two components,
the information setting and the policy setting. The infor-
mation setting includes:

e complete list of individuals P,

e complete list of locations L,

e initial disease state of each individual in P (this
can be incomplete),

e the contagion process is partially known—the pol-
icy maker (algorithm) is assumed to be aware of only
the high-level factors affecting disease diffusion, such
as contacts with exposed individuals or the role of loca-
tions where infected individuals have been.

The policy setting includes:

e a quarantine policy that determines when and
how individuals will isolate in the population,

e a vaccination policy that determines which and
when individuals will receive vaccine,

e an objective function over time (this paper focuses
on sampling strategies for bridging the gap between the
actual infected population and the known infected indi-
viduals, as a step toward controlling disease spread),

e constraints on number of tests per day (D) that a
policy maker can proactively use to sample individuals.

e Sampling an individual to test reveals the following:

— disease state (infected or not) of the individ-
ual being tested.

— spatiotemporal data about the individual, if
infected (in some cases, e.g., access to full GPS data,
this will be complete information on the places visited
and the full contact network; if this is by self-reporting,
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as is common in most places, then the contact net-
work will be incomplete and can potentially be
gradually learned, in accordance with the current
contact tracing program with interviewers to deter-
mine their close contacts.

Given this, the policy maker seeks to proactively sam-
ple individuals for testing in order to optimize the ob-
jective. The question that our research addresses can be
posed, more generally, as follows: Given a partially ob-
served contact network with no information about how it was
observed, and a budget to query the partially observed network
nodes to either expand the network and/or reveal the nodes sta-
tus, can we learn to sequentially ask optimal queries?

3. Active Sampling Framework

and Algorithm

The fundamental challenge policy makers face in miti-
gating COVID-19 is how to make wise decisions under
uncertainty, with only partially known dynamics of con-
tagion process, partially observed contacts between indi-
viduals, and disease states of individuals only if tested
(among others mentioned in Section 2). This leads to nat-
ural policy considerations: Should they go for a decision
that seems to be optimal for now based on known infor-
mation, or acknowledge that their knowledge could be
inaccurate and gather new information that could lead to
improvements in the long run? This trade-off will then
be intensified by limited available resources and consid-
erations such as fairness and the cost of the intervention.
In what follows, we present dynamic active sampling
strategies based on multi-armed bandits that balance
exploitation and exploration through sequentially and
dynamically generating real-time lists of whom to test.

3.1. Background

The multi-armed bandit (MAB) is a generic framework
to address the problem of decision making under uncer-
tainty. In this setting, the learner must choose among
a variety of actions and only observes partial feedback
from the environment, without prior knowledge of
which action is the best. In the classic stochastic K-
armed bandit problem, at each time step t, the learner
selects a single action/arm x, among a set of K actions
and observes some payoff r;(x;). The reward of each
arm is assumed to be drawn stochastically from some
unknown probability distribution. The goal of the
learner is to maximize the cumulative payoff obtained
in a sequence of n allocations over time or, equiva-
lently, minimize the regret (Bubeck and Cesa-Bianchi
2012), which is defined as the difference between the
cumulative reward obtained by always playing the
optimal arm in hindsight and the cumulative reward
achieved by the learning policy,

Rn= IlnaxKE lz (i) — Zrt(xt)l .
=1,..., -1 =1

The fundamental exploration/exploitation dilemma is
to: (1) gain as many rewards as possible in the current
round, but also (2) have a high probability of correctly
identifying the better arm. Thompson sampling (Thomp-
son 1933, Chapelle and Li 2011) and upper confidence
bounding policies (UCB) (Auer et al. 2002, Bubeck and
Cesa-Bianchi 2012) have been recognized as the best per-
forming policies both theoretically and empirically. To
better leverage the widely available side information,
there are studies on contextual bandits that reply on fea-
ture vectors (Li et al. 2010, Chu et al. 2011), and graphical
bandits (e.g., active search on graph, bandits with graph-
structured side observations).

The objective of active search on graph is to find as
many target nodes as possible. Most of the existing work
assumes that the complete network structure is known
beforehand, or at least that a substantial part of the graph
is revealed (Gu and Han 2014, Alon et al. 2015, Ma et al.
2015), with the exception of a few recent papers that con-
sider partially observed networks (e.g., Singla et al. 2015,
Soundarajan et al. 2017, Madhawa and Murata 2019).
However, these approaches do not consider the node-
sampling scenario needed for the testing problem con-
sidered in this paper. For example, if we can make an
analogy to our setting, the feedback structure in Carpen-
tier and Valko (2016) requires identification of all the
individuals who caught the virus directly from the que-
ried node, which is not applicable here. There is also
related literature on bandits with graph-structured side
observations. However, in their feedback loop, upon
choosing an action, the decision maker gets to observe
the rewards of all its “neighboring” arms (Mannor and
Shamir 2011, Singh et al. 2020, Chen et al. 2021), which is
significantly different from the settings we consider in
this work. The general goal of other recent learning liter-
ature on graph exploration and discovery is to learn the
topology of the underlying network using as fewer
queries as possible (Dai et al. 2019, Kamarthi et al. 2020,
Chiotellis and Cremers 2020), which is more relevant to
robotics planning, navigation, or network coverage. In
comparison, our objective is not to traverse or represent
the underlying contact network but to mitigate the dis-
ease spread. Meanwhile, contact network will grow only
if the node is tested positive.

As in what follows, we offer important modeling
contributions in order to be able to cast the smart
testing problem into a MAB framework, and we pro-
pose using network embedding with a two-level
exploration/exploitation trade-off structure.

3.2. The Sampling Framework

We model contact networks as an undirected, time-
dependent, network G;=<V,E,D>, where V is the
node representation of the individuals P. The network is
evolving over time with new contacts reported to the
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policy maker. For example, if the policy maker aims to
make daily decisions, then G; represents the daily snap-
shot of the network on day ¢. An edge e; € E represents a
direct contact between individuals v; and v;. At any time
point, every node v in our graph G; has one disease state
in D. When node v is tested, a reward Y(v) € {0,1}
(representing tested positive or not) is obtained, where
Yy(v) is Bernoulli distributed with expectation f;(v) that
depends on the true underlying topology G; of the con-
tact network (which is only partially known to the policy
maker as G;) and the diffusion process. When a node
tests “positive,” its known contacts will be revealed at
once, with the understanding that there might be other
contacts that are latent and not readily observed. We
note that Y;(v) will be revealed only for nodes that
are self-reported with coronavirus symptoms and/or
actively selected to be tested by a testing policy.
Mathematically, this problem of active sampling can
be formalized as a stochastic combinatorial optimization
problem with < V;, U, f; >, where V, is the feasible set of
nodes to be sampled from at time t, Y = {U C V;: [U| <
Dy} is a family of subsets of V; with up to D, (daily
testing capacity) nodes. The feasible choice set V; ex-
cludes nodes that are known to be currently infected,
previously dead, and/or immunized. The objective func-
tion for all the nodes in a set U c V is defined by F(U, f;).
For example, if the objective is to find as many infected
nodes as possible in each day, F(U,f;) can be defined as

FUf) = fi(o). (1)

vel

The goal of the sampling policy 7 is to adaptively select
a sequence of subsets U[" to test, in a way that maximizes
the expected cumulative rewards of F(UJ,f;) over time,
recognizing that we observe, on testing, the realized
reward fi(v) of each node v e U; immediately, that is,
whether the tested individual is infected or not.

An important observation is that immediate contacts
alone (as done in previous work, e.g., Singla et al. 2015,
Soundarajan et al. 2017, Madhawa and Murata 2019)
may be insufficient to infer the risk of infection f(v), and
we need a richer representation of topology of the con-
tact network. We seek to model similarity such that if one
agent is infected, then a similar node is also possibly
infected. This can help identify potential regions at high
risk of outbreaks given previous outbreak locations, the
mobility of agents, and their network structure. Local
structure features, like degree, number of triads, and cen-
trality, have been used in previous network analysis
on finding structurally similar nodes (Henderson et al.
2012). Although these features can help infer roles of
each node, such as super spreaders, or periphery nodes,
they do not capture the information about the neigh-
borhood similarity, social relations, and community mem-
bership. For example, because of a large amount of
presymptomatic and asymptomatic disease transmissions,

even if there is no direct contact link between two agents,
if they constantly went to the same supermarket, or live in
nearby neighborhoods, the agents can end up infecting
each other. This complex interplay of social relationships
and locations has resulted in several infections from the
same gathering (superspreaders, hot spots) and brought
up the importance of even seemingly minor occurrences
such as how even a few agents with the same travel his-
tory may have caused unknown breakouts along the way.

Our goal is to quantify these aforementioned social rela-
tions by a continuous latent representation of nodes,
which can then be exploited to guide the sampling policy
to more effectively allocate testing kits of limited capacity.
To this end, we formulate the active sampling problem as
a contextual bandit, in which before making the choice of
action, the learner observes the currently known disease
states, as well as a feature vector x; associated with each
individual node v; encoded from the contact network
topology.

A pioneering method, DeepWalk (Perozzi et al. 2014),
uses language modeling approaches to learn latent node
embedding in the following two steps (please refer to
Section 3.2.1 for the technical details of this approach).
First, it traverses the network with random walks to infer
local structures by neighborhood relations, and then uses
a SkipGram model (Mikolov et al. 2013) to learn node
embedding based on the produced samples. In our con-
text, by translating the nodes in the network into a
continuous space this way, the node embedding thus
generated provides a method to efficiently sample indi-
viduals to test based on how “close” they are to others.

3.2.1. Technical Details of the DeepWalk Algorithm.
DeepWalk (Perozzi et al. 2014) uses language modeling
approaches to learn latent node embedding in two steps:
random walk and word embedding.

Random Walk on Graph. The first step of DeepWalk is
to identify the context nodes for each node. Starting at
any given node, it identifies all its neighbors, randomly
selects one, and walks, with predefined path length, as
illustrated in Figure 1. Repeat until there are enough
samples. By generating truncated random walks from
the network, the context nodes of v € V can be defined
as the k neighboring nodes in each random walk sequ-
ence, which is a combination of nodes from v’s 1-hop, 2-
hop, ... , k-hop neighbors. The idea is that the techniques
used to model natural language (where the symbol
frequency follows a power law distribution) can be
repurposed for nodes appearing in short random walks
whose frequencies also follow a power-law distribution.

SkipGram. The SkipGram algorithm is used to learn
word embeddings thatwhich represent words in vector
space so that if the word embeddings are close to one
another, those words are semantically similar to one
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Figure 1. (Color online) An Example Random Walk of
Length 6 on a Network

—0O0—0
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other (Mikolov et al. 2013). The key idea of SkipGram is
to quantify the similarity between any two words by how
frequently they share the same surrounding words. Skip-
Gram first identifies the neighboring words for a given
target word within a predefined window size. Then it pre-
dicts the context word by maximizing the conditional
probability of observing the context words given the tar-
get word.

3.3. The Sampling Algorithm
The sampling algorithm faces two major challenges: (1)
the policy maker (through contact tracing from positive
tests) observes only a portion of the network at any time ¢
(G4, as illustrated in Figure 2(a)), and (2) proactively sam-
pling individuals, as opposed to group sampling, entails a
combinatorial number of possible arms to sample with
the cardinality constraint D, (daily testing capacity).
There are, in turn, three sources of uncertainty. First,
whether the reported contacts are infected is not known,

and needs to be learned as we continuously sample indi-
viduals and observe their test results Y;(v). Second, since
the contact network is only partially observed, other pos-
sible paths of disease transmissions are not known to the
policy maker. Third, the vast majority of the population
is not reported in the current contact network @t, and it
is worthwhile to observe a broader area of the underly-
ing network to detect and control possible outbreaks in
unreported areas.

Correspondingly, the design of the proposed sampling
policy concerns two levels of exploration/exploitation
trade-off.

3.3.1. Outer Level: Expansion vs. Proliferation. In re-
gard to the third source of uncertainty, the outer level is
modeled as a two-armed bandit, balancing between the
two choices of expansion outside the current known con-
tact network, and/or proliferation within the current net-
work (which is generated through contact tracing of
known infected nodes). For example, in Figure 2(a), indi-
vidual A is not observed in the current contact network,
and is selected by the active sampling policy based on
the choice of expansion.

We note here that, on each day, the sampling policy
needs to proactively select D, individuals all at once
and the rewards are observed only at the end of the batch.
Even though the regret analysis for batched stochastic
multi-armed bandits still remains underexplored, it is
empirically reported in various contexts that randomized
policies turn out to be more robust to the impact of batch-
ing, and the improvement of a randomized policy over
other methods becomes larger as batch size D, increases
(Kandasamy et al. 2018; Provodin et al. 2022). To this
end, we choose to use Thompson sampling policy with

Figure 2. (Color online) An Illustrative Example of the Partially Observed Contact Network and the Two Levels of

Exploration/Exploitation Trade-Off

—— Negative
—— Positive

» > Others
° * &} —— Selected

; N
-’ v
:.‘ ,/ e E \( ,6" o
ey ;' / N"" K(» — &
-— / -
""7/*4 »-/ //-e o
- o~ ,l{ (=
e - “ "B\ 2
R I 3 O N
*..' 27
. k l\ b
p

(b)
e e — Negative
e, —— Positive
L
o . Others
L]
v . '] 1 —— Selected
o *® e .
° L Bhe L]
Y )
. b S o ° L4
‘ . Y L]
o %
o, °
L]
‘ L]
. . .
. -
. s
(]
¢ . 2 o 2 ; :
. (Al
LY 2 °
L .
L4 ° ! ®e ; °

Notes. Known testing results are reported, together with the individuals selected by the proposed sampling policy. (a) Partially observed contact
network G; with some known testing results. (b) Partially observed contact network g; in the embedding space (t-SNE plot).
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Beta-Bernoulli distribution (Thompson 1933, Chapelle and
Li 2011). The expected rewards O of the two choices are
modeled with a Beta distribution. After one choice is cho-
sen, the realized reward (whether an individual is tested
positive) is sampled from a Bernoulli distribution. We
repeatedly sample D,,,, realizations and choose between
the two choices of expansion/proliferation that has the
highest sampled value. If expansion is chosen, then our
policy samples a node v that was not in G; uniformly at
random. If proliferation is chosen, then our policy uses
the inner-level exploration/exploitation algorithm to
choose individuals v to sample. We use D, to represent
the total number of tests that are allocated to proliferation.
After the test result Y;(v) for each chosen individual is
revealed, the posterior Beta distribution will be updated,
according to whether node v is from expansion or
proliferation.

3.3.2. Inner Level: Individual Selection Within the Current
Observed Network (Combinatorial KNN-UCB). Within
the current observed contact network, the first two
sources of uncertainty give rise to a trade-off between
choosing individuals that are seemingly more prone to be
infected, and/or learning the network to get more con-
tact information to detect more infected in the future. As
illustrated in Figure 2(a), given the current observed net-
work, the probability of individual B being infected is
very high since three of his or her direct contacts tested
positive, together with other confirmed individuals
nearby. In comparison, the neighboring information of
individual C is very limited, rendering in higher uncer-
tainty. It might be possible that individual C has a
higher chance of being infected and we need to learn
his or her surroundings. An inner-level bandit algo-
rithm thus adaptively allocates D ax laboratory tests to
individuals U; C V on the observed contact network
with the goal of maximizing the cumulative rewards of
F(Uy, f;) over time through a balance of exploitation ver-
sus exploration. Considering the inherent complexity
of measuring individuals” heterogeneous risks of being
infected given the network structure and the uncer-
tainty around it, we adopt nonparametric modeling
as follows.

On each day, we first use network embedding x, € X
(X cRY) from Section 3.2 to find the node representa-
tion. The node embedding encodes the network struc-
ture (i.e., neighbors and connection information) and
quantifies the similarity between two nodes in the sense
that if one is infected then the other is highly likely to be
infected from potential contact chains. Figure 2(b) is an
illustration of the observed nodes in the embedding
space, which translates the network structure to continu-
ous space for direct sampling from the entire population.
Given that the representation space as a result of Deep-
Walk can change over time, we resort to nonparametric
models. In our case, as each individual is represented by

a lower-dimensional embedding (“lying in a manifold”),
kNN regression can have provable high probability
bounds (Jiang 2019) with mild assumptions such as
Lipschitz mean reward, and compact support of the
embedding space bounded below away from zero.

Definition 1 (kNN). Let the kNN radius of x € X c R?
be p.(x) :=inf{p: [B(x,p) N X| >k}, where B(x,p) de-
notes the open metric ball of radius p > 0, centered at
x. Let Nk(x) denote the k-neighborhood of x, such that
Ni(x) := B(x, p,(x)) N X. Then, for all x € X, the kNN
regressor is defined with respect to the training data

(xllyl)/ R (xn/]/n),

We then express explicitly the uncertainty about our
knowledge with confidence intervals and follow the
strong uniform consistency theorem for kNN regres-
sion to guide exploration.

Theorem 1 (Uniform Consistency (Jiang 2019)). Let
0 > 0. There exists Ny and universal constant C such that
for n > N and k = |n?/®+ |, we have

P(Sup f(x) =f(x)| 2 C-n 1+ \/m ) <.
xeX

As illustrated in Figure 2, on each day ¢, some of the test-
ing results (negative/positive) are known to the policy
maker, either by self-reporting, or by the active sampling
policy. It is also worth noting that the network embed-
dings for two unconnected nodes are not comparable.
Thus, when constructing the kNN prediction for each
node, we need to first find the reported (either positive
or negative) individuals that are connected to the focal
node. At the same time, based on the uniform consis-
tency theorem, the size of the neighborhood (the value of
k) needs to be node-dependent.

We now describe our combinatorial ANN-UCB as fol-
lows. On day ¢, for each node v; in the current contact
network, we use N;(i) to denote the number of known
individuals (either tested positive or negative) that are
connected to the focal node v;. The neighborhood size of
the focal node is chosen as k(i) = L(N:(1))¥ ) |. We use
f,(i) to denote the kNN estimate of the probability of
infection of the focal node v;. At each time step, if only
one individual will be sampled, based on the principle of
optimism in the face of uncertainty (Auer et al. 2002), the
upper confidence bound (UCB) policies define the larg-
est plausible estimate of each individual node as

£,y = £,6) +n- (Nu() 9 [log Ny (i) log (%) )

To ensure that the upper confidence bound decreases
with respect to the size N,(i) of the neighborhood, we



Downloaded from informs.org by [216.73.216.198] on 20 June 2026, at 22:42 . For personal use only, all rights reserved.

Wang, Yahav, and Padmanabhan: Smart Testing Strategies with Vaccination
Information Systems Research, 2024, vol. 35, no. 1, pp. 120-144, © 2023 The Author(s) 127

modified the UCB for any N(i)<|e'*?]+1 to be
(2¢) 2, /(2 +d) logi, based on Lemma EC.1 in the

e-companion. Then the algorithm chooses the arm that
maximizes the above quantity.

However, as mentioned above, in our specific COVID-
19 active testing scenario, allocating D, laboratory tests
to individuals is a case of combinatorial optimization.
To deal with this challenge, we allow the policy maker
to use any exact/approximation/randomized algorithm,
termed as ORACLE, to find solutions for the correspond-
ing offline combinatorial optimization problem (if all
the rewards f(v) were known beforehand to the policy
maker),

UOPTEargr{}aZ}F(U,f),lUl < D (3)

We denote the solution as U* = ORACLE(V,, U, f, D )
We here propose a combinatorial ANN-UCB algorithm
that makes use of a greedy ORACLE(Vt,L{,ft,ﬁ,W) to
provide (1, e)-approximate solutions for the offline opti-
mization problem given that F(L, f) is a submodular set
function and monotone in U (Nemhauser et al. 1978).
For example, if the objective is to find as many infected
nodes as possible (as defined in Equation (1)), it achieves
the case of equal sign in the submodularity definition. In
general, submodular functions can be understood as nat-
ural diminishing returns properties; as such, the benefit
of adding one additional tested individual decreases as
the number of total tests increases.

The confidence level 6 should be small enough to
ensure optimism with high probability, but not so small
that the larger upper confidence bounds will result
in excessive exploration of suboptimal arms. We thus
choose 1/6 =1+ Flog?(f), where t is the total number of
known testing results, and 6 is decreasing to zero slightly
faster than 1/t to ensure sublinear regret, and which is
shown to improve the regret and empirical performance
(Lattimore and Szepesvéri 2020). The pseudocode is pro-
vided in Figure 3.

4. Agent-Based Model

In the real-world setting, as long as we have daily spatio-
temporal data on individuals in a population, the algo-
rithm presented in the previous section can be used to
select individuals to test. However, real-world data alone
is insufficient to fully understand the impact of different
sampling policies. The “real world” represents a single
run of how reality is shaped, and does not offer the
advantage of running experiments to test counterfac-
tuals. For instance, would the sampling algorithm have
worked as well under a different quarantine policy, or
under various compliance scenarios? Agent-based mod-
els, on the other hand, are particularly effective to answer
these types of more general questions.

In this paper, we couple a disease progression model
(Hethcote 2000) with an agent-based simulation model
(ABM) (Perez and Dragicevic 2009) of infectious spread
under different settings. Disease progression is com-
monly modeled with the deterministic compartmental
S/1/R (Hethcote 2000, Cooper et al. 2020), which divides
the population into three compartments—susceptible to
the disease (S), actively infected with the disease (I), and
recovered (or dead) and no longer contagious (R)—and
defines transmission rates between the compartments.
To account for additional aspects of the COVID-19 trans-
mission, we use an extended S/I/R model that includes
individuals that are exposed (E) to the disease (Prem et al.
2020, Silva et al. 2020), and asymptomatic (A) individuals
(Koo et al. 2020, Manchein et al. 2020)—an S/E/A/I/R
model.

We constructed a data-driven stochastic agent-based
model (ABM) of the COVID-19 epidemic in New York
City. Based on Hoertel et al. (2020), our ABM model
includes four components: (1) synthetic population with
demographic characteristics and spatial information that
is generated to resemble the New York City; (2) daily
interaction network between individuals (agents) in the
population; (3) disease dynamics that spreads via interac-
tions, and progresses as an S/E/A/I/R model; and (4)
policy makers, as agents, who influence the environment
based on the sampling strategies and quarantine policies
in place. In the reminder of this section, we describe com-
ponents (2)—(4) of the ABM. The population generating
approach in component (1) is detailed in Appendix EC.1
in the e-companion. In Figure 4, we provide the pseudo-
code of our model.

4.1. Interaction Data Structure

Our data are composed of a set of individual agents
A ={ay,...,a,}, aset of geographic locations L = {l;, ..I,},
and the propensity of the interactions between the agents
and the locations: AL = {{, | h<i<n,1<j<m} (how often an
agent goes to the location).

Agents in our data are characterized by age, gender,
and a list of locations that the agents go to, at a given
probability. Locations can take different location types,
and are spread across the neighborhoods of New York
City. For this paper, we set the following location types:
household, workplace, school, station, and supermarket.
Two agents may meet if they go to the same location
at the same time. The meeting probability at a given
location is a function of the location type (e.g., agents
that live at the same house will meet with a probability
of ¢, s =1, Whereas agents that go to the same
supermarket will meet at a much lower probability:
Pspermarkes < 1)- Inaddition to the different location
types, we add a special location type that we call a mix-
ing location, in which agents can meet at random.
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Figure 3. Algorithm 1 (Pseudocode for Active Sampling (Combinatorial KNN-UCB))

input : Past 14-day contact network Go =< V,E,Z,D >, oracle ORACLE, trade-off
parameter 7, daily constraint D,,.., reward function f, a, 8 for prior Beta

distribution, S; =0, F; =0 for i =1,2

1 fort=1toT do

2 Update the contact network Qt based on contact tracing

3 Find the network embedding of each node z,

4 Clear any outdated testing results y, after 14 days

5 Initialize the proportion allocated to proliferation D,,q, =0

6 for =1 to D,,q, do

7 [Outer Level]

8 Draw 6; from Beta(S; + o, F; + ) for i=1,2

9 Choose arm a; = arg max; él

10 if a; == expansion then

11 | Randomly sample a node v that is not in G, to test, and update vy,

12 end

13 else

14 | Dinas = Doz +1

15 end
16 end
17 [Inner Level]
18 Get the list of connected components in G
19 for each individual node v; in Qt do
20 Within the connected component, find the number N, () of nodes with known y,’s
21 Define k(i) = | (N;(i))* @+, and build the kNN prediction f,(i)
22 Compute the UCB index as

%\/(Qer) log (1+tlog*(f)), if Ny(i) < LeH%J +1
fo(@) = fi(d) +n
(N(3)) /e \/log N, (i)log (1 +tlog*(t)), otherwise
23 end
24 Compute Uy «+ ORACLE(V,U, f;, Do)
25 Test individuals in set U,
26 Observe the testing results and update y,
27 Compute the number of positive cases under expansion and proliferation, respectively,
51,5
28 Compute the number of negative cases under expansion and proliferation, respectively,
Fy, By
29 Update posterior Beta distribution:
F,« F,+F,, fori=1,2

30 end

Mixing locations in our model simulates meeting at
public spaces, such as at parks, shops, and theaters.

Agents in our model can potentially be in one of seven
disease states, as described below. We formally define
D(A) ={d(ay),...d(a,)} to be the set of disease states of
all agents.

4.2. Disease Dynamic
The disease process used in this paper follows the
deterministic S/E/A/I/R (Susceptible (S) / Exposed (E) /

Asymptomatic (A) / Infectious (I) / Recovered (R)) com-
partmental model, with death (D) rate. We further split
the infectious state into three disease stages: Infected
asymptomatic (la), Infected symptomatic (Is), and In-
fected critical (Ic). Beyond being a more accurate descrip-
tion of COVID-19, this allows us to flexibly define
different policies and different behaviors toward infected
individuals according to the state of their disease. Similar
to S/E/A/I/R, we assume that Recovered (R) is an absorb-
ing state, implying that infected individuals can either



Downloaded from informs.org by [216.73.216.198] on 20 June 2026, at 22:42 . For personal use only, all rights reserved.

Wang, Yahav, and Padmanabhan: Smart Testing Strategies with Vaccination
Information Systems Research, 2024, vol. 35, no. 1, pp. 120-144, © 2023 The Author(s) 129

Figure 4. Algorithm 2 (Pseudocode for the ABM)

1 Input:

2 Agents A={ay,...,a,}; Locations L = {ly,..1,, }; Exposure risk factor per location I'(l,);

3 Agents-locations interaction AL = {{cj)ai,lj t<i<n

agents n;
Output:

Initialize:

(1) Set initial disease state D(A) such that:
for n agents d(a) + Ia,
for N — 7 agents k(a) < S;
Set simulation day 7 < 1;

© 0 N O Ut

10

12 Initialize agent-location log;

13 while some agents are still infected do
14 // Draw locations per agents:

15 for a; € A—Q do

1<j<m }; Number of initial infected

EASULTE RSN

Disease state D(A) ={d(a;),...d(a,)}; meetings log;

(2)
11 (3) Initialize set of agents in quarantine @ < {};
(4)

16 Draw daily locations [,, according to the agent-location interactions propensity AL;
17 Append tuples {{ai, l; e lal}ﬂ'} to the agent-location log;
18 end

19 // Get new infected agents:
20 for ;€ L do

21 Get the list of agents a;; that visited ; at time 7 from the agent-location log;
22 If there are n;, >0 infected agents in l; (d(a € a;;) € {Ia, Is,Ic}, then (1) set the

ny. .
73

agents € a;, by a factor of I'(l;)

disease status of all Susceptible (S) agents € a;; as Exzposed (E), with
Ezxposure risk = I'(1;)"; and (2) increase the exposure risk of all Ezposed (E)

23 end
24 // Progress disease state:
25 Progress disease state d; for all agents according to Figure 5;

26 // Put critically infected in self-quarantine:

27 for d; € D do

28 switch d; do

29 case [s: do

30 | Append a; to Q

31 end

32

33 case R or D: do

34 | Remove a; from Q

35 end

36

37 end

38 end

39 // Put agents in enforced-quarantine:

40 Interact with policy-makers (sampling policy)
41 Send: A + set of externally sampled agents to be tested
42 Receive: A « set of agents to be set in quarantine
43 Respond: Append A to Q

44 end

45 T+ 17+1// Advance simulation time

46 end

die or become immune. Figure 5 presents the disease
states and the transmission dynamics in this paper.
Transmission probabilities are assumed to be constant
across individuals. This is because of the fact that the
impact of a patient’s covariates on the disease dynamics
is still unknown. An exception is the transmission rate

between states S and E—A;—that determines the rate
at which uninfected individuals are exposed to infected
individuals, and depends on the individuals” ego-network
structure. Once exposed, they become infected with prob-
ability of pj|gr,. The argument I'; indicates the exposure
risk factor, which depends on the number of infected
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Figure 5. Transmission Dynamics of the COVID-19
Pandemic

R

A

LA S

A 2 ’ : DI E. Tt M| 1a De|ls
Bosemm s ™t

(W) Ow) (%)

< Po|le

D

agents that individual i met at time £, and the strength of
his or her relationship with them. Specifically, following
Madewell et al. (2020), we differentiate the probability of
being infected from close connectors (a total of #;,), such
as housemates or colleagues, from the probability of
being infected from random contacts (a total of n5,), such
as meetings at supermarkets, or metro stations: I'; =
I’;’lit x I"Zzit.

In infected individuals, the disease may escalate and
become mild (Is), at a probability of py,, and then criti-
cal (Ic), at a probability of p.|;. At any stage of the dis-
ease, the infected patient can recover. The critical disease
state (Ic) can result in death, at a rate of pp .

In the results presented in the paper, we set A =
A=A =09, following the average infection period
reported by Lauer et al. (2020). Because of the difficulties
in differentiating the incubation period from the asymp-
tomatic period, as reported by Roda et al. (2020), we set
Ap =0, effectively merging states E and Ia. The transi-
tion probabilities used in our results are I'1 =0.02, I'; =
0.004, pr|s = 0.006, and pp i = 0.05. The numbers were
set according to the disease statistics, as reporter by the
World Meter (World Meter 2020).

We note that the sampling algorithm presented in the
previous section only uses data observed as a result
of the actual disease diffusion process, and does not
depend specifically on the details of how this is imple-
mented in the ABM—all that is required is for the ABM
to simulate contacts and movements of individuals in a
population. In that sense, our approach will work with
any extensions of the model implemented here.

4.3. Policy Makers as Agents

At the end of each ABM simulation epoch, we sample a
set of agents to be tested for COVID-19. Once an agent is
sampled, his or her disease state and (possibly incomplete)
contact network are revealed to policy makers, who can
then decide which agents should be put into quarantine.
Other than sampled agents, we assume that critically
infected agents self-quarantine themselves. The quaran-
tine duration is set for 14 days, following the current global

practice. While in quarantine, an agent’s disease dynamics
continues, but his or her interactions with others stop.

5. Empirical Results

We compare three policies: Contact Tracing (CT), Ran-
dom testing with CT, and Active Sampling with CT as
presented here. Among these options, CT is the current
baseline in the United States, since neither random or
active testing is currently not implemented. We assume
that symptomatic individuals are self-reported and there-
after quarantined, and contacts of infected individuals
with a positive test quarantine through standard contact-
tracing processes. Beyond CT, other methods considered
in comparison throughout the manuscript are proac-
tively testing other individuals beyond self-reports, with
the same daily testing capacity (0.5% of the population,
to be consistent with daily tests in the United States, as
reported by the Covid Tracking Project).

We implemented active testing strategies under differ-
ent vaccination scenarios and show that a combinational
strategy is critical. We use a random vaccination policy
that runs parallel to active testing and consider different
extents of vaccination that eventually (after 100 days)
reach to either k¥ =25% or x =50% of the population.
We chose these to closely reflect numbers in the United
States (four months after the start of vaccinations, the
United States had fully vaccinated 25% of the popula-
tion, and the annual percentage of those vaccinated for
flu each year is approximately 50%). All of these can of
course be varied as needed to reflect realities in different
countries. We further vary the compliance level of indivi-
duals to self-isolate and quarantine in our empirical
study (x € {10%,50%}). Unfortunately, there is no scien-
tific consensus yet on the percentage of the U.S. popula-
tion that complies. We discuss the implications of this
further below.

We simulate each policy for 50 runs, under each of
four scenarios, namely, low/high compliance and low/
high vaccination rate. We also simulate the correspond-
ing scenarios without any vaccination in place. We simu-
late the disease spread for 350 days or until the spread
terminates. To account for the fact that testing tool kits
and vaccinations are not developed at the beginning of
the pandemic, we start the testing and vaccination on
day 30. The running time is around 126hours for 50
runs, under an AWS EC2 r4.4xlarge instance, with 122
GB memory and four 2.3-GHz Intel Xeon E5-2686 v4
processors.

5.1. Main Results

We report our study results in Figures 6 and 7 and in
Tables 1 and 2. Figure 6 reports the simulation results
under high compliance level and low/no vaccination
rate, averaged over 50 runs. It depicts the following: (1)
the percentage of the allocated tests returned with a
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Figure 6. (Color online) [Infections] Comparison Between Three Testing Policies, Under High Compliance Level (x = 50%),

with (Low Vaccination Rate (x = 25%)) or Without Vaccination
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Notes. (a) With random vaccination policy. (b) With no vaccination policy.

positive result; (2) the percentage of daily confirmed new
symptomatic patients; (3) the percentage of daily new
infected; and (4) the percentage of cumulative infected
within the entire population. Because of the fact that a
vast majority of the infected are asymptomatic, the last
two statistics, daily/cumulative infected, are, in reality,
not directly observable by the policy maker. Figure 7 fur-
ther examines the corresponding economic measures,
namely, hospitalization rates (proxied via the number of
critically and severely daily infected individuals) and
death rates, with the y-axis depicting percentage of pop-
ulation.

Tables 1 and 2 reports the full comparisons of three
testing policies, namely, contact tracing (CT), CT + Ran-
dom, and CT + Active sample, under four compliance/
vaccination scenarios, and without a vaccination policy
in place. The corresponding standard errors (SEs) are
reported in parentheses. Significance levels are marked
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relatively to CT to indicate whether the difference in per-
formance is statistically significant.

The main takeaways from these results are the
following:

e Even with a high vaccination rate, active sampling
is still useful in reducing the extent of the disease. Spe-
cifically (from Tables 1 and 2), the death rate signifi-
cantly drops by 20%-30%; the percentage of infected
drops by approximately 30%. These numbers are very
significant. In the U.S. population, these numbers map
to approximately 10 million fewer cases and 150,000
fewer deaths. With a low vaccination rate, the effect of
active sampling is even more notable. For instance,
with low vaccination rate and high compliance, the
percentage infected drops by ~ 45%.

e Asymptomatic transmission is a significant aspect
of COVID-19. Our results show that smart testing strat-
egies generate four times the test positivity rate as
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Figure 7. (Color online) [Hospitalization and Deaths] Comparison Between Three Testing Policies, Under High Compliance
(x = 50%), with (Low Vaccination Rate (x = 25%)) or Without Vaccination
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Notes. Hospitalization is proxied based on how many are critically ill on each given day. (a) With random vaccination policy. (b) With no vacci-

nation policy.

Table 1. Cumulative Percentages of Infected Across Different Compliance Level and Vaccination Rate

Random vaccination

No vaccination

Scenarios Testing policy % Population SE % Population SE
Low compliance level Contact tracing (CT) 22.8311 (0.5748) 46.0067 (0.1907)
Low vaccination rate CT + Random 22.2713 (0.4952) 44.6116*** (0.1952)
CT + Active sample 17.5112%** (0.5343) 41.3715*** (0.2123)
Low compliance level Contact tracing (CT) 11.6922 (0.5338)
High vaccination rate CT + Random 10.3761* (0.5569)
CT + Active sample 8.4913*** (0.4547)
High compliance level Contact tracing (CT) 18.1235 (0.5831) 37.0027 (0.3491)
Low vaccination rate CT + Random 16.2956** (0.4838) 33.9982*** (0.2088)
CT + Active sample 10.1960%** (0.4857) 27 4378*** (0.3999)
High compliance level Contact tracing (CT) 9.1383 (0.5171)
High vaccination rate CT + Random 8.1184" (0.4622)
CT + Active sample 5.9998*** (0.3738)

Notes. Significance levels are marked relatively to CT. % Population column reports the mean percentage of population infected under different

compliance levels (10% and/or 50%) and different vaccination rates (~ 0.25% and/or ~ 0.5% per day), averaged over 50 simulation runs. The

corresponding standard errors (SE) are reported in parentheses.
p <0.1;%p < 0.05; **p < 0.01; **p < 0.001.



Downloaded from informs.org by [216.73.216.198] on 20 June 2026, at 22:42 . For personal use only, all rights reserved.

Wang, Yahav, and Padmanabhan: Smart Testing Strategies with Vaccination

Information Systems Research, 2024, vol. 35, no. 1, pp. 120-144, © 2023 The Author(s) 133
Table 2. Cumulative Percentages of Deaths Across Different Compliance Level and Vaccination Rate
Random vaccination No vaccination

Scenarios Testing policy % Population SE % Population SE
Low compliance level Contact tracing (CT) 0.1370 (0.0046) 0.2750 (0.0061)
Low vaccination rate CT + Random 0.1344 (0.0042) 0.2660 (0.0057)

CT + Active sample 0.1029*** (0.0045) 0.2455*** (0.0051)
Low compliance level Contact tracing (CT) 0.0623 (0.0039)
High vaccination rate CT + Random 0.0575 (0.0037)

CT + Active sample 0.0498** (0.0032)
High compliance level Contact tracing (CT) 0.1027 (0.0046) 0.2202 (0.0050)
Low vaccination rate CT + Random 0.0970 (0.0038) 0.1981*** (0.0037)

CT + Active sample 0.0573*** (0.0033) 0.1645*** (0.0043)
High compliance level Contact tracing (CT) 0.0524 (0.0038)
High vaccination rate CT + Random 0.0446" (0.0029)

CT + Active sample 0.0353*** (0.0030)

Notes. Significance levels are marked relatively to CT. % Population column reports the mean percentage of deaths under different compliance
levels (10% and/or 50%) and different vaccination rates (~ 0.25% and/or ~ 0.5% per day), averaged over 50 simulation runs. The corresponding

standard errors (SE) are reported in parentheses.
< 0.1;*p < 0.05; *p < 0.01; **p < 0.001.

random testing. Catching the asymptomatic carriers
early is a critical part of curbing the spread and de-
creasing infection/death rates; our active sampling
method is effective at doing this, which is a key reason
for its effectiveness.

e Load on hospitals at peak times, a crucial aspect of
managing COVID-19, drops, according to Figure 7, by
50% when implementing smart testing (with or with-
out vaccinations).

e Whereas the focus of this paper is not entirely on
vaccination, the results emphasize the importance of
vaccination. Even with low vaccination rates, the death
rate can drop by over 50% (see Table 2).

e Is random testing useful? Our results provide
mixed evidence. It is useful at identifying asymptom-
atic individuals when the spread is large, but with
reasonably large vaccination numbers, it does not nec-
essarily help in significantly lowering death rates. In
pockets where compliance rates are high, the spread is
increasing, but vaccination rates are low (perhaps be-
cause of availability), so random testing is likely to be
an effective complement to contact tracing alone.

e One major unknown is the extent of compliance in
the population (research has shown that this varies
from low single digits to as high as 100%) to self-
quarantining requirements. The results show that test-
ing policies are less effective when compliance is low.
This is not surprising, since one of the main advantages
of early identification of asymptomatic individuals is
cutting the infection chain through quarantine policies.
When the compliance is low, this advantage diminishes
significantly. One possibility for policy, which we turn
to next, is to consider compensation strategies that can
increase compliance (Bodas and Peleg 2020).

5.2. Ablation Analysis

We conduct an ablation analysis to examine the effective-
ness of each major design component. To test whether
the outer-level exploration (outside of the observed con-
tact network) is needed, we remove the outer-level TS,
and only use kNN-UCB to select individuals from the
observed network (KNN-UCB). To test the proposed
quantification of uncertainty, we remove the optimistic
UCB term and only choose nodes based on kNN predic-
tion as the inner-level selection policy (KNN-TS). We
then remove the aforementioned two components, and
test based directly on kNN predictions on observed con-
tact network without consideration of the unobserved
uncertainty (kNN). As an alternative specification, we
consider kNN-e-greedy, which represents the outer level
as an additional arm. To examine whether the node
representation is effective, we replace the constructed
embeddings with traditional network measures (includ-
ing observed degree centrality of focal node, average
degree centrality of its neighbors, average betweenness
of its infected neighbors, number of infected neighbors)
(NM-UCB-TS) and compare the model performance.

We also test whether the specific nonparametric
specification is effective by comparison with other cost-
effective baseline methods. First, we incorporate two
simpler heuristics, maximum observed degree (MOD),
which greedily chooses the node having the maximum
observed degree, and maximum number of infected
neighbors (MIN) that selects the node having the highest
number of infected neighbors. Second, we consider
a state-of-the-art parametric (linear) bandit algorithm
(SW-LinUCB) proposed for a nonstationary environment
(Cheung et al. 2022). As the representation space result-
ing from DeepWalk can change over time, the node
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embeddings cannot be incorporated in a parametric
model (which assumes a static contextual space). With
this being said, we hence use the network measures
as the contextual representation of each individual. Al-
though the original SW-LinUCB policy requires the
knowledge of variation budget and/or simulation time
T in advance, without knowing this information we set
the window size to be 14 days according to the special
characteristics of COVID-19.

We note that the number of possible scenarios to con-
sider can be large (even potentially unbounded). Given
this, we suggest that the ablation analyses are informa-
tive mainly for the specific scenario(s) under consider-
ation. Here, we present these results (in Table 3) for two
scenarios (high compliance, with and without vaccina-
tion). For example, under the KNN-UCB testing policy,
death rates increase significantly. The MOD and MIN
policies are poor in terms of both infections and death
rates, compared with the active sample policy. The
results show that all other testing policies fall short com-
pared with the main active sampling policy; in this sense,
this suggests that no single component alone can be
dropped and that the combination as presented here is
important to drive value.

5.3. Testing Accuracy and Compliance

In the main results above, we assumed that test results
were accurate and that users would consent to being
tested when selected. Since in practice these may not
always be the case, this section presents results under
imperfect testing and less-than-perfect user compliance
to testing. We also experimented with an alternative con-
tact network structure, various lockdown policies, and a
scenario that during the disease diffusion, there are times
that the individuals in the Ic state exceeds the hospitali-
zation capacity. Additional results and discussions are
presented in Appendix EC.2 in the e-companion.

5.3.1. Imperfect Testing Results. In practice, particu-
larly in the early stages of a new infection, testing might
not be perfect. In this section, we study what happens in

our framework with a test that is 90% accurate. Specifi-
cally, we assume that 90% of the time the test will pro-
vide an accurate result and that 10% of the time the
result will be obtained randomly as tossing a 50-50 coin
(of course, any of these can be varied to explore their
effects). For illustration, the set of experiments shown in
Figure 8 is run under high compliance (y = 50%) and a
low vaccination rate (k =25%). Interestingly, both the
random testing and active sampling are better than their
counterparts before (with perfect testing results). But this
better performance comes at the cost of putting more
individuals in quarantine than under perfect testing. For
instance, consider the case when approximately 10% of
the population is infected. In this case, random testing of
100 individuals under this imperfect testing will result,
in expectation, of 9 positive individuals correctly identi-
fied, but 4.5 individuals who are not infected also sent to
quarantine (along with their contacts). This increase in the
quarantined group will likely control infection rates—not
because the correct group was identified, but simply
due to more people quarantined. Whereas active testing
could also “benefit” from this, the effect is less pro-
nounced since the group that active testing identifies
tends to typically have a higher incidence of infection
than the base rate. Nevertheless, our results show that
active sampling is still significantly better than the
alternatives.

5.3.2. Partial Compliance to Testing. The effectiveness
of policy measures to slow the spread of COVID-19 will
inevitably depend on the commitment of individuals’
compliance and their change of behavior. Whereas we
have studied a different compliance level to quarantine
recommendation, here we additionally consider an indi-
vidual’s potential noncompliance to testing when pre-
symptomatic or asymptomatic. Table 4 is run under a
high compliance (x = 50%) level to quarantine order and
a low vaccination rate (x = 25%). Specifically, in the high
compliance setting, we assume that with probability of
80%, any individual being selected for testing will actu-
ally get tested, whereas the compliance probability is

Table 3. Cumulative Percentages (% Population) of Infected /Deaths Under High Compliance

Percentages of infected

Percentages of deaths

Testing policy Vaccination No vaccination Vaccination No vaccination
CT + Active sample 10.1960 27.4378 0.0573 0.1645
kKNN-UCB 11.3987% 28.5452* 0.0684* 0.1850**
KNN-TS 11.1882" 28.1924" 0.0654" 0.1766*
kNN 12.3278*** 29.1807*** 0.0749*** 0.1884***
kNN-¢-greedy 11.2205" 28.3884* 0.0675* 0.1772*
NM-UCB-TS 11.2672" 31.0350*** 0.0696* 0.2110%***
MOD 16.2421*** 35.8405%** 0.1007*** 0.2395%**
MIN 13.2738*** 32.6216*** 0.0833*** 0.2117***
SW-LinUCB 15.9699** 33.9083*** 0.0952%** 0.2194***

Notes. Significance levels are marked relatively to vanilla active sampling policy (CT + Active sample). % Population column reports the mean

percentage of infected /deaths, averaged over 50 simulation runs.
tp < 0.1; %p < 0.05; **p < 0.01; **p < 0.001.
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Figure 8. (Color online) Comparison Between Three Testing Policies, Under Imperfect Testing Results
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Notes. (a) With random vaccination policy. (b) With no vaccination policy.

lowered to 40% in the low compliance scenario." The cor-
responding infection and death rates are reported in
Table 4. It is worth noting that the mitigation effective-
ness of random testing quickly diminishes to the perfor-
mance of CT in the setting of low compliance to testing,
whereas the smart testing algorithm that adaptively allo-
cates the testing kits can still generate a significant
improvement. This is likely due to the fact that the nodes
identified by the active testing procedure are mostly
informative ones; hence, if even a moderate percentage
of those comply, we see significant benefits from a dis-
ease mitigation perspective.

6. Extensions to Non-stationarity
Although the risk of infection of each individual is
changing over time according to disease diffusion and
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movement patterns, the scenarios we considered before in
general assume that the system remains stationary over
time (i.e., human behaviors remain unchanged, diffusion
process remains the same). In this section, we consider sce-
narios that capture some specific types of non-stationarity.
First, we consider the case where individuals’ compliance
to quarantine is changing corresponding to the spreading
of the disease, which can be a result of either a change of
the government regulation, or social norm. Second, we
modify the ABM to explicitly model the emergence of a
second variant with different diffusion characteristics. We
show that, under these two scenarios, the smarting testing
framework can still significantly reduce the total number
of infected and deaths compared with contact tracing.
We also present variants of our framework to potentially
better accommodate non-stationarity.

Table 4. Cumulative Percentages of Infected/Deaths Under Partial Compliance to Testing

Low vaccination rate

No vaccination

Compliance level Testing policy % Population SE % Population SE
Cumulative percentages of infected
High compliance Contact tracing (CT) 18.4318 (0.5304) 37.1822 (0.2173)
CT + Random 16.9150** (0.3653) 34.6014*** (0.2120)
CT + Active sample 11.8168*** (0.5104) 28.6462%** (0.3563)
Low compliance CT + Random 18.2694 (0.4768) 36.0340*** (0.2161)
CT + Active sample 12.4671*** (0.6318) 32.8213*** (0.2323)
Cumulative percentages of deaths
High compliance Contact tracing (CT) 0.1182 (0.0044) 0.2407 (0.0059)
CT + Random 0.1070* (0.0042) 0.2262* (0.0044)
CT + Active sample 0.0703*** (0.0039) 0.1838*** (0.0048)
Low compliance CT + Random 0.1134 (0.0041) 0.2407 (0.0056)
CT + Active sample 0.0721** (0.0048) 0.2185*** (0.0051)

Notes. Significance levels are marked relatively to CT. % Population column reports the mean percentage of infected /deaths, averaged over 50

simulation runs.

p < 0.1;*p < 0.05; **p < 0.01; **p < 0.001.
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6.1. Algorithmic Extensions to Non-stationarity
We implemented two variants of our proposed algorithm
that are designed to adapt to nonstationary environments.
One approach is to ignore historical observations made
beyond some number of time periods in the past (Besbes
et al. 2014, Trovo et al. 2020). Correspondingly, our first
extension imposes a sliding window @ (named SW) on
the MAB learning process. Whereas the vanilla combina-
torial kNN-UCB proposed before has already taken the
14-day (with w = 14) moving average into consideration
(see line 4 of Figure 3), here we additionally modify the
exploration term such that the total number of data sam-
ple f is recomputed as the number of known testing
results within the past w days. In addition, for the outer-
level Thompson sampling, a sliding window of size w is
also imposed. Specifically, when updating the posterior
distribution, we use S;;, to record the number of positive
cases within the sliding window @ under expansion and
proliferation, respectively; and F;;, denotes the number
of negative cases within the past @ days. The posterior
distribution at day t is then Beta(S;tq +a,Fitq + ) for
i=1, 2, where the prior is chosen as an uninformative
prior. The pseudocode is provided in Algorithm EC.3.1 in
the e-companion.

As in what follows, we explicitly model a second
COVID variant, creating an abruptly changing environ-
ment. The framework itself can start to “work” automati-
cally from a depletion of its window (of max w) when
the change point is detected; or it can directly be in-
formed by the policy maker who detects this and “re-
starts” the framework at some point. To this end, we
additionally consider a variant of the sliding window
UCB (named SW-Restart, with pseudocode presented in
Algorithm EC.3.2 in the e-companion) that restarts and
refreshes the buffer (after three days of the first occur-
rence of the second variant to give the policy maker
some time to identify the new variant).

Next, we consider discounted combinatorial KNN-UCB
(named Discounted) that is based on the ideas of Garivier
and Moulines (2011) and Raj and Kalyani (2017). Garivier
and Moulines (2011) and Raj and Kalyani (2017) pro-
posed nonstationary extensions of UCB and/or Thomp-
son sampling policies for k-armed bandits that rely on a
discount factor y € (0,1) to discount the effect of past
observations. In line with this research, we modify the
posterior Beta distribution of the outer level (line 29 in
Figure 3) to S; «— yS; +S;, F; « yF; + F;, fori=1,2.

For the inner level, on day ¢, the discounted number of
known individuals that are connected to the focal node v;
is given by Ni(y, i) = Zj)/tfsf, where s; is the time when
node v; was tested. The corresponding neighborhood size
iski(y,1) = L(N:(y,1))*®* ]. Then the discounted estimate

of the reward is given by

Ao 1 SN
fily.i)= m; Y y{v € N b

Kt (7// Z) = Z ytisj]l{vj € th(%i) }/
j

where N, denotes the k;(y, i)-neighborhood of node
v, With the discounted number of cumulative known
cases as f(y) =37y, the discounted exploration term
is thus

(Ni(y)~ /& \/log Ni(y, Dlog(1 +E(y)log*(E(y))), or
\}g V (2 +d)log(1 +E()log’(E(y))), if Ni(y, i) < el +1.

The pseudocode of this nonstationary variant is pro-
vided in Algorithm EC.3.3 in the e-companion.

Lastly, this discounted algorithm considers all the past
observations. However, in mitigating COVID-19, cases
over 14days old are seldom related to further testing
results. To this end, we experimented with one additional
discounted version (Algorithm EC.3.4 in the e-compan-
ion) which is combined with sliding window with only
the past 14 days records when computing the exploration/
exploitation terms (named: 14-day Discounted). In the
experiments, the discounted factor is set to be 0.975 fol-
lowing the work by Garivier and Cappé (2011).

In summary, we implement two main variants: SW
(with and without restart), and Discounted (with and
without SW).

6.2. Changing Compliance Level

The existing literature has studied the impact of risk per-
ception on citizen’s compliance with preventive mea-
sures during the outbreak of COVID-19, and earlier
SARS and HIN1 (Asnakew and Kerebih Asrese 2020,
Ning et al. 2020, Franzen and Wo&hner 2021). Beca-
Martinez et al. (2021) found that having some concerns
about how fast COVID-19 was spreading was signifi-
cantly affecting the adherence to quarantine order. In
what follows, we follow the findings by Beca-Martinez
et al. (2021) and set the compliance level for fast/very
fast disease spreading (measured by daily new cases) to
X =50% and let the compliance level change (with an
adjusted odds ratio of 1.59) dynamically based on the
number of daily new cases throughout the disease diffu-
sion process.

We experimented with both a low vaccination rate
(~0.25% per day) and no vaccination and report the
results in Table 5 (the significance marked relative to CT
+ Active sample). The results show that by explicitly
modeling additional sources of non-stationarity, our pro-
posed framework still yields significant improvement
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Table 5. Cumulative Percentages of Infected/Deaths Under Changing Compliance Level

Low vaccination rate

No vaccination

Testing policy

% Population

SE % Population SE

Cumulative percentages of infected

Contact tracing (CT) 19.2129*** (0.4744) 37.8082*** (0.2174)
CT + Random 16.3221%** (0.4679) 34.7623*** (0.1881)
CT + Active sample 11.0529 (0.4389) 27.9864 (0.2681)
CT + Active sample (SW) 10.7945 (0.5193) 27.9664 (0.2681)
CT + Active sample (Discounted) 10.7921 (0.3642) 27.6743 (0.2079)
CT + Active Sample (14-day Discounted) 10.1983" (0.4968) 27.3944% (0.2566)
Cumulative percentages of deaths
Contact tracing (CT) 0.1275** (0.0048) 0.2508*** (0.0057)
CT + Random 0.1009*** (0.0046) 0.2260*** (0.0044)
CT + Active sample 0.0689 (0.0043) 0.1817 (0.0045)
CT + Active sample (SW) 0.0676 (0.0046) 0.1803 (0.0052)
CT + Active sample (Discounted) 0.0666 (0.0038) 0.1795 (0.0044)
CT + Active sample (14-day Discounted) 0.0633 (0.0039) 0.1794 (0.0051)

Notes. Significance levels are marked relatively to vanilla active sampling policy (CT + Active sample). % Population column reports the mean
percentage of infected /deaths, averaged over 50 simulation runs. The corresponding standard errors (SE) are reported in parentheses.

tp <0.1;*p < 0.05; *p < 0.01; **p < 0.001.

over CT and CT + Random, similar to the magnitude of
our main results.

It is worth noting that even though the SW and Dis-
counted variants are slightly better than the vanilla active
sampling algorithm, the improvement is not significant.
The 14-day Discounted version yields the best perfor-
mance, which is marginally significant when compared
with the vanilla active sampling algorithm in terms of
infection with or without vaccination. No significant dif-
ference was found regarding death rates.

6.3. New COVID-19 Variant

Similar to the breakout of Omicron, in this section
we modified the diffusion process to model a second
COVID variant, with the diffusion parameters set ac-
cording to the statistic regarding the Delta variant versus
the Omicron variant, as reported in recent literature. Spe-
cifically, people infected with Delta spread the infection
to roughly 11% of their household members, whereas

those who had Omicron spread it to almost 16%; and
people infected with Delta spread the infection to
roughly 4% of people they came in contact with outside
their home, whereas those with Omicron passed it to 8%
of people (Allen et al. 2022, Mallapaty 2022). Compared
with Delta, proportion of asymptomatic infections is
doubled for omicron, as high as 80%-90% (Murray
2022). In a matched study, there were 53 hospitalizations
(0.6%) and 3 deaths (0.03%) among matched Omicron
cases compared with 129 hospitalizations (1.4%) and 26
deaths (0.3%) among matched Delta cases (Ulloa et al.
2022). We thus define the S/E/A/I/R transition proba-
bilities between disease states accordingly.

In the following experiments, we simulate the second
variant to start after 90 days, with the first variant con-
tinuing to still spread simultaneously. The results are
reported in Table 6 and Figure 9. Here, again, the results
show that our proposed vanilla algorithms perform as
well as their nonstationary variants. In fact, the 14-day

Table 6. Cumulative Percentages of Infected/Deaths with Two COVID Variants

Percentage of infected

Percentage of deaths

Testing policy % Population SE % Population SE

Contact tracing (CT) 27.9485" (1.2265) 0.2643*** (0.0117)
CT + Random 25.8009 (1.0696) 0.2612*** (0.0097)
CT + Active sample 24.7428 (1.4749) 0.1669 (0.0099)
CT + Active sample (SW) 24.7124 (1.1118) 0.1645 (0.0101)
CT + Active sample (SW-Restart) 24.6875 (1.3309) 0.1633 (0.0084)
CT + Active sample (Discounted) 27.3710 (1.2125) 0.1732 (0.0071)
CT + Active sample (14-day Discounted) 27.4725% (1.1228) 0.1717 (0.0071)

Notes. Significance levels are marked relatively to vanilla active sampling policy (CT + Active sample). % Population column reports the mean

percentage of infected /deaths, averaged over 50 simulation runs.
< 0.1;*p < 0.05; *p < 0.01; **p < 0.001.
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Figure 9. (Color online) Comparison Between Three Testing Policies, Under High Compliance (y = 50%) and Low Vaccination

Rate (x = 25%), Averaged over 50 Runs
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Note. The second variant occurs at day 90.

Discounted model performs (marginally) significantly
worse than the vanilla model.

Our main problem setting is more similar to slowly-
varying nonstationary bandit formulation, which allows
time variations of the unknown mean values (or the var-
iations of the unknown parameters) (Besbes et al. 2014,
Cheung et al. 2022) with no restriction on the number of
times the mean value can change. A second COVID-19
variant at a different diffusion rate then can be treated as
a source of abruptly-changing environment aside from
the slowly-varying non-stationarity. Taken together, the
results for nonstationary environments show that the
previous algorithm performs quite well with no modifi-
cations needed. The reason is that the algorithm already
takes into account (implicitly) the changes in the environ-
ment, by clearing outdated tested samples more than
14 days old (line 4 of Figure 3), in a similar manner as
using a sliding window. This, coupled with the fact that
knowledge of the contact network is growing, helps the
algorithm focus on nodes that are likely to be infected
given the current known infections in the population.
Also, the k-Nearest Neighbor is shown to yield a robust
nonstationary classification performance, provided it is
trained based on only a certain number of the most
recent data points received (Alippi and Roveri 2008, Bifet
et al. 2013, Cervantes et al. 2018). Thus, the additional
explicit formulation of non-stationarity appears to add
only marginal information that is not reflected in the per-
formance. It is possible, of course, that our current non-
stationary variants can be improved, and also the types
of non-stationarity can be different; we will leave a more
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comprehensive treatment of these questions to future
work.

7. Fairness Considerations
We have seen that algorithmic approaches that optimize
various metrics could suffer from major fairness issues
(Ahmad et al. 2020). To this end, we present a detailed
treatment of how the active sampling framework affects
fairness, including offering variants of the approach that
can take some fairness constraints directly into the pro-
cess. We note at the outset that defining fairness itself is
an important consideration, and the literature offers
many different perspectives, including the distinction
between procedural and outcome-based fairness (De
Cremer et al. 2010), which is the perspective we take
here. In outcome-based fairness, we would examine
how infection rates and/or death rates vary based on
attributes such as race; procedural fairness instead
focuses on whether these races are allocated tests
proportionally—either to their base rate in the popula-
tion (FairPopulation in our implementation) or to the
proportion of known active cases in each race (FairAc-
tiveCases in our implementation). As we show below,
our proposed active sampling method demonstrates
outcome-based fairness (for reasons we note later). We
also show that our framework allows us to incorporate
constraints that can ensure procedural fairness, which
is important in practice as well.

We examine the fairness of our proposed algori-
thm across five different race/ethnicity (Asian, Black,
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Hispanic, White, and Other) reported by the NYC
Department for the Aging. and by family structure (see
more details in Appendix EC.1 in the e-companion).
We primarily associate race with location in the city,
and the meeting probabilities that this affects. Some
races are in more dense areas, and if a subpopulation
in that geography is affected, then it is likely to rapidly
spread to others (within the same race). We do not
model race-specific disease diffusion probabilities here
and acknowledge that those may also be important to
consider in future work. We also note that in practice
race/ethnicity might be correlated with movement
and/or work patterns, but there are no detailed data
on these patterns. Hence, the results reported here
should be mainly used as an illustration of how our
framework can be made to be fairness-aware with the
right data.

The results in Table 7 show that our vanilla method
already demonstrates outcome-based fairness; the infec-
tion rate across races is not significantly different. To
quantify the extent of fairness, we compute the entropy
of the infection rates across races under each simulation
run, and Table 7 reports the average over 50 runs. Com-
pared with the perfect outcome-based fairness that achi-
eves the maximum possible entropy of 1.6094, and the
scenario of no intervention policy (entropy = 1.6084), our
proposed method does not seem to add significant dis-
parate impact to the outcome. The reason is that the
vanilla active sampling policy does do a good job at fol-
lowing hot spots with some small delays. The exploita-
tion part focuses on the current hot spots, and our
design of the exploration compartments helps identify
new hot spots beyond the known contact network.

Still, the fact that our framework allowed for the re-
latively straightforward incorporation of procedural
fairness into the sampling policy is important. We imple-
mented two variants of the smart testing algorithm with
two fairness constraints. On each day, the fairness con-
straints were imposed separately on the inner level and
outer level with a daily ratio g, across the races/
ethnicity. For example, out of the D testing kits that are
allocated to outer-level expansion, g, , ;,, X D capacity is

Table 7. Cumulative Percentages of Infection per Race

allocated to the Asian population. The two variants then
consider two possible daily ratios g,. The first fairness
constraint (FairPopulation) is based on the initial popula-
tion ratio in the data (Asian ~ 0.1241, Black ~ 0.1073, His-
panic ~ 0.2670, White =~ 0.4691, and Other = 0.0325). The
second fairness constraint (FairActiveCases) is set dynami-
cally according to the observed daily active cases within
each race/ethnicity group. As reported in Table 7, these
two variants also demonstrate outcome-based fairness as
well, but we also know (by design) that they are procedur-
ally fair as well. The distinction may be more important in
real-life scenarios where the race may influence aspects
such as access to healthcare (which we do not model here).

Recall from Table 1 that under the active sample
policy without fairness constraint (vanilla policy),
the overall infected population rate was on average
10.1960% (SE =0.4857). In comparison, with fairness
constraints in place, the mitigation effectiveness is slightly
lower than the vanilla smart testing policy, with infec-
tions rate of 10.8317% (SE = 0.3992) under FairActiveCases
and 11.3415% (SE =0.4788) under FairPopulation. Mean-
while, the death rate under FairActiveCases is 0.0699%
(SE=0.0040) and 0.0725% (SE = 0.0042) under FairPopula-
tion, compared with a lower rate of 0.0573% (SE = 0.0033)
under the vanilla active sampling policy.

Next, we raise the following question: By how much
do we need to increase the testing capacity to achieve a
statistically similar infectious and death rate, with the fair-
ness constraint in place. In Table 8, we show that roughly
by increasing the testing capacity by 6%—7%, there is no
statistically significant difference in mean mitigation effec-
tiveness under the fairness constraint compared with the
vanilla active sampling policy. At a high level, this sug-
gests two things. First, imposing fairness on testing alone
can provide (fairness) benefits but at a slight cost to the
mitigation performance, which is not unexpected. Second,
and more importantly, this shows that the active testing
policy can achieve the same outcomes and with fairness if
we are willing to slightly increase daily testing capacities,
which is a small price to pay relative to the cost of being
potentially unfair in a public health context.

No policy Vanilla FairActiveCases FairPopulation

Races Percentage SE Percentage Percentage SE Percentage SE
Asian 0.2478 (0.0358) 0.1047 (0.0358) 0.1108 (0.0292) 0.1157 (0.0351)
Black 0.2339 (0.0332) 0.0991 (0.0324) 0.1058 (0.0283) 0.1100 (0.0333)
Hispanic 0.3405 (0.0343) 0.1009 (0.0348) 0.1065 (0.0284) 0.1114 (0.0322)
White 0.2455 (0.0338) 0.1026 (0.0348) 0.1090 (0.0387) 0.1146 (0.0353)
Other 0.2457 (0.0346) 0.1007 (0.0352) 0.1124 (0.0324) 0.1153 (0.0355)
Entropy 1.6084 1.6060 1.6056 1.6067

Notes. Simulation was run under high compliance levels (50%) and low vaccination rate (~ 0.25%), averaged over 50 simulation runs. The

corresponding standard errors (SE) are reported in parentheses.
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Table 8. Cumulative Percentages of Infected and Deaths Under Different Daily Testing Budgets

Cumulative percentages of infected

Vanilla FairActiveCases
Daily budget 100 100 103 105 106 107 108
% Population 10.1960 10.8317 10.7463 10.3946 10.2937 10.2706 10.1130
(0.4857) (0.3992) (0.4128) (0.4805) (0.4709) (0.4946) (0.4345)
Cumulative percentages of deaths
Vanilla FairActiveCases
Daily budget 100 100 103 105 106 107 108
% Population 0.0573 0.0699** 0.0694** 0.0657* 0.0638* 0.0630 0.0624
(0.0033) (0.0040) (0.0038) (0.0037) (0.0041) (0.0043) (0.0033)

Notes. Significance levels are marked relatively to vanilla active sample policy. % Population reports the mean percentage of infected /deaths,
averaged over 50 simulation runs. The corresponding standard errors (SE) are reported in parentheses.

tp <0.1;*p < 0.05; *p < 0.01; **p < 0.001.

8. Policy Implications and Conclusion

The method presented here can be used by policy
makers to proactively determine whom to test if the fol-
lowing information can be provided: (1) a list of all indi-
viduals in the population; (2) the set of known infected
individuals in the population; (3) the daily contact net-
work for individuals—ideally, this should be provided
for all individuals that were tested positive, but the
method can work even with partial information (daily
contact network, for instance, can be computed easily
from readily available mobile tracking data); and (4) if
available, a partial mapping of individuals to locations
that they can be associated with (e.g., household, work-
places, schools). Our method can also be used by policy
makers to examine carefully constructed scenarios in a
world with smart testing strategies.

Active sampling, as we demonstrated here, should
become an important aspect of testing programs for
public health. Policy makers worldwide should start
developing frameworks to operationalize these ideas
in a manner that suits their local culture and context
(e.g., specific privacy constraints, compliance scenar-
ios, and how much technology support they might
have to both operationalize and track progress). Cur-
rently, to the best of our knowledge, there is very
limited active sampling ideas both in practice, as
well as in the public health literature, and this paper,
therefore, lays a lot of the groundwork that can be
built on, both in practice and in research. We highlight
specific policy implications below.

e In general, it is true that “testing more” can help
control disease spread, particularly, if compliance to
quarantine measures is reasonable. However, active
testing is not the same as “testing more,” as we showed
in this work. Under the same discretionary testing
capacity, the active testing strategy presented here pro-
vides significantly greater disease control than other

alternatives by more efficiently allocating limited re-
sources. Policy makers need to start developing the
infrastructures needed to design and deploy such strat-
egies when testing capacity has constraints.

e Vaccination policies and active testing policies
do work in conjunction with each other, and policy
makers need an integrated plan that combines these
two rather than viewing these as separate ideas for
managing a pandemic.

e Explainability and fairness are both critical for
public policy in general, and health in particular. The
method presented here offers the ability to incorporate
both of these objectives into an active testing frame-
work. The MAB approach here can explicitly provide
information on whether an individual is being sampled
for exploration (random) or exploitation (with specific
details that can be provided based on infections in that
immediate contact network). Some alternate methods
(such as deep reinforcement learning) do not have this
property. Whereas we showed that the proposed me-
thod here demonstrates outcome-based fairness, we
stressed that this could also be because of how race
influenced disease spread in our own implementation.
Instead, we emphasized that our method can incorpo-
rate procedural fairness constraints readily into an
active testing policy.

e Compliance to testing, and compliance to quaran-
tine are both important aspects of the active testing
methodology, as well as of the benefits that can be real-
ized from this approach. This can be an issue if users
selected for testing refuse to do so on grounds that this
was algorithmically generated. Here, we suggest three
options. First, as noted previously, our method can pro-
vide explanations as to why a specific individual was
chosen by the algorithm. Such explanations can also
help manage any legal challenges that may arise. Sec-
ond, policy makers will have to resort to incentive
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design schemes that can help individuals to both agree to
be tested when selected, as well as to stay in quarantine
when they need do. These incentives will be expensive to
implement but will likely be significantly less costly than
entire lockdowns that have hurt the global economy
significantly. There is potential for high-impact research
along these lines that can also bring in the ethical aspects
of doing so in the case of vaccinations (Jecker 2021). Third,
policy makes can use public health announcements as a
way to explain to citizens why participating in such active
testing protocols can be beneficial to the society at large;
such announcements are commonly used in public health
but need to be carefully designed (Whitney and Viswa-
nath 2004).

e The broader methodology used here can also serve
as a framework for countries and policy makers to
think about how to evaluate different pandemic mitiga-
tion strategies in the future. ABM models can be built
specific to each location along with the policies (agents)
and their strategies; this can help evaluate different
vaccination/testing strategies before actual rollout of
expensive policies. It can also help policy makers adopt
a more rational response strategy to pandemic manage-
ment than what might otherwise be viewed as an ad
hoc response.

e Finally, we do note that there are privacy implica-
tions that have to be considered carefully. This is one
where our work here does not provide specific guid-
ance. There may be implementation-based ideas that
can offer some degree of privacy protection that need
to be explored. For example, the individual contact net-
work can be stored with anonymized user IDs, with a
separate lookup table that maps the anonymized IDs to
specific individuals. From a technology perspective, it
then becomes possible to implement role-based access
to the database that can prevent the exact name look-
ups unless absolutely required. In most cases, the only
time this needs to happen is when the individual needs
to be identified for testing or contact tracing, and those
restrictions can also be operationalized using existing
database controls. We leave a more comprehensive
treatment of privacy-protecting designs of the back-
end database to future work but feel it is essential to
point this out here as an issue that needs to be explicitly
recognized and addressed as well.

In summary, this paper makes the following contribu-
tions. We presented a novel active sampling algorithm to
effectively manage pandemics such as COVID-19 by
sampling individuals and not covariates. We also add to
the MARB literature, as most of the existing work assumes
that the complete network structure and underlying pro-
cess is known beforehand. Our ideas here modeled the
partially observed scenarios within this framework and
showed how the contact network can be strategically
expanded over time to support the active sampling
strategy, even under a nonstationary environment.

From a practical perspective, we showed that smart
testing is still important even when vaccination is
available, assuming that some portion of the indivi-
duals cannot or will not get the vaccine in a timely
manner—this issue is particularly important given
recent findings that significant percentages of the
population are resisting vaccination.

Finally, we would like to point out that a more com-
plete model of our problem can fall into the umbrella of
reinforcement learning (RL), which is a strict generaliza-
tion of contextual bandits. In our setting of mitigating
COVID-19, one difficulty is that many contextual seq-
uences are exogenous and are not controlled or influ-
enced by the smart testing algorithm. As suggested by
Chen et al. (2020) and Long et al. (2018), it is challenging
to compute the optimal dynamic allocation using RL,
even for 35 age-compartment pairs, and the heuristic
obtained from RL performs worse than simple heuristics
such as a single-step myopic policy, let alone individual
sampling policies considered in our work. The other dif-
ficulty is the large/infinite space of the context, inten-
sified by data scarcity and unclear disease evolution
patterns. Along with the disease diffusion, the learning
agent might not encounter the same context twice. The
critical issue is then how to generalize across contexts
and how to obtain reliable estimates of value functions
(Sutton and Barto 2018, Lattimore and Szepesvari 2020).
Recent development has focused on deep learning for
powerful function approximation (Mnih et al. 2015, Sil-
ver et al. 2016, Wang et al. 2016), and yet they require
strong domain knowledge and large amounts of data to
be successful. For the policy maker, having specific
explanations as to why specific individuals were chosen
is also important to incorporate in any RL approach. We
thus leave the design of full RL algorithms for this prob-
lem to future research.
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Endnote

1 See https: //www.ucl.ac.uk/news/2021/jan/lockdown-compliance-
improving-low-take-covid-tests-worrying.
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