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ABSTRACT

The Corona virus disease 2019 (COVID-19) has significantly
affected lives of people around the world. Today, isolation
policy is mostly enforced by identifying infected individuals
based on symptoms when these appear or by testing people
and quarantining those who have been in close contact with
infected people. In addition, many countries have imposed
complete or partial lock-downs to control the spread of the
disease. While lock-downs have succeeded to slow down the
spread of the virus, they have devastating effects on the econ-
omy and social life. We argue that controlling the spread
of the virus can be done by using active feedback to con-
trol testing for infection by actively testing individuals with
a high probability of being infected. We develop an active
testing strategy to achieve this goal, and demonstrate that it
would have tremendous success in controlling the spread of
the virus. Our results show up to a 50% reduction in quaran-
tine rate and morbidity rate in typical settings as compared to
existing methods.

Index Terms— Corona virus disease 2019 (COVID-19),
pandemic, controlled/active testing.

1. INTRODUCTION

The outbreak of the COVID-19 has revealed the widespread
effects a pandemic can have on all spheres of life from health,
to social life, to the economy [1]. The main thrust of efforts
to control the spread is to decrease the reproduction rate to
flatten the curve of the total number of infected individuals
per day. This is absolutely necessary to reduce the load on
the health system, although the infection may spread in the
population over an extended period of time [2, 3].

The most widely implemented response on the part of the
international community to the exponential growth of the in-
fection has been widespread quarantine and lock-downs [4,5].
While isolating people is an effective tool to decelerate the
spread, imposing a complete quarantine for everyone for a
relatively long period of time until the virus is suppressed is
impractical primarily because of its devastating effects on the
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economy and social life. Moreover, if proper population mon-
itoring is not enforced there may be further waves of the dis-
ease.

Since imposing significant (or even complete) quarantine
can have devastating economic consequences, early detection
of Corona positives is of paramount importance to suppress
the spread of COVID-19 as early as possible. Hence, the
second component in fighting the pandemic is to devise and
manufacture COVID-19 tests. Today, health systems around
the world prioritize the administration of tests to people who
have had direct contact with an infected person or who are
symptomatic. Some countries, such as South Korea, are im-
plementing extensive resources to test people widely and ran-
domly to detect areas where the pandemic is likely to spread.
Nevertheless, these strategies do not exploit resources effec-
tively. First, only testing symptomatic people results in a loss
of precious time, during which the individual can infect others
before symptoms appear. Furthermore, many people (about
10%− 30%) are asymptomatic, and thus cannot be identified
using this strategy. In addition, testing the entire population
on a daily basis to detect people who remain asymptomatic
is impossible because the number of tests that labs can either
produce or process is limited. Clearly, quarantining the entire
population for a long period of time has devastating effects
on economy and social life. For these reasons, we address the
imperative question of whether a strategy to test and isolate a
relatively small number of people while effectively suppress-
ing the spread of COVID-19 can be developed. Specifically,
the main challenge is how to efficiently test and isolate peo-
ple in the population to significantly reduce the negative im-
pacts of the spread of the virus, in terms of the burden on
the health system (i.e., flattening the curve of infected peo-
ple per day), total morbidity (i.e., reducing the total number
of severe COVID-19 patients), and the economic and social
impact (i.e., reducing the total number of people required to
stay in quarantine and the time people spend in quarantine).
In this paper, we address this challenge, and develop active
testing and isolation (ATI) strategy that achieves this goal.

As reported recently in [6], increasing the COVID-19 test
rate per population would have a significant positive impact
on mitigating the pandemic around the world. The missing
component in most existing methods is that they do not use
COVID-19 tests to identify infected people in development
and analysis of strategies to suppress the pandemic. However,
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there are a number of recent studies that incorporate tests to
mitigating the spread [6], and provide worst-case analysis of a
risk-based selective quarantine [7]. Nevertheless, these meth-
ods use passive testing in the sense that post-processing the
test results is not used to improve the future sampling pro-
cess of the tested population (i.e., open-loop). In a recently
published Science paper [8], Ferretti et al. concluded that vi-
ral spread could be controlled using contact-tracing by testing
close contacts of positive cases.

In this paper, we argue that suppressing viral spread can
be accomplished much more efficiently by developing a con-
trolled sensing methodology for contact-tracing, rather than
testing close contacts in a deterministic manner as in [8]. Con-
trolled sensing, a.k.a active sensing, is based on classic se-
quential experimental design theory [9, 10], and has attracted
growing attention in recent years in various hypothesis test-
ing and dynamic search problems [11–19]. Controlled sens-
ing policies, where the location of the sensing is judiciously
selected, have also been used to identify influence in social
networks [20], as well as to learn the dynamics in general net-
works such as gene networks and social networks to reduce
the overall number of required experiments [21]. The basic
idea behind controlled sensing theory when translated to the
realm of detecting COVID-19 patients is that the learner (i.e.,
the testing system) can use the results obtained from previous
tests to adjust its monitoring strategy in a closed-loop man-
ner and improve its future testing and learning process. Intu-
itively, as more tests are performed, the learner becomes more
certain about the true state of the population, which in turn
leads to better choices of people to test. This approach was
shown to achieve the asymptotic information theoretic bound
in various hypothesis testing and dynamic search problems as
the error probability approaches zero (see e.g., [11,12,22] and
our previous work [13, 15]). Here, we develop a controlled
testing methodology to control the spread of the COVID-19
pandemic. We report a significant reduction (up to 50%) in
both quarantine rate as well as morbidity rate in typical set-
tings of COVID-19 parameters as compared to existing stud-
ies.

2. THE ACTIVE TESTING AND ISOLATION (ATI)
ALGORITHM

We now present high-level description of the active testing
and isolation (ATI) algorithm which controls the testing pro-
cess. Due to space limit, a detailed description of the imple-
mentation is given in the extended version of this paper [23].
Let NT be the total number of test labs available for testing
a population in a given region. Let pj be the estimate proba-
bility of agent an being infected (i.e., belief), and N1(an) be
the first-order neighbors (i.e., close contacts) of agent an (the
specifics of the model are given in the next section). Every
day (or any other unit of time) the ATI algorithm works as
follows:

1. Identifying infected people and isolating them: For
the released population, check whether there are new

infected people based on infection symptoms or pre-
ceding test results if tested. Send those infected people
to quarantine until recovered. Denote these people by
{an}An=1.

2. Isolating first-order neighbors in quarantine: Order
the first-order neighbors {N1(an)}An=1 into quarantine
for at least 14 days. Release them if symptoms have not
appeared, or they have recovered, or if test results were
negative if tested.

3. Updating the belief over the population graph: Up-
date the beliefs pj for all people in the population
graph based on new information (e.g., identifying new
infected people, isolating new people).

4. Actively testing the most likely infected people: Test
all people with top NT beliefs among the entire popu-
lation, regardless of their symptomatic state.

5. Repeat: Go back to Step 1 (for instance, a single day
ended).

Note that the ATI algorithm tests and isolates people ac-
tively in a closed-loop manner. Steps 1, 2 identify infected
people based on symptoms or test results. Then, people who
are declared infected and their first-order neighbors are quar-
antined. The outcome of these steps is used to update the be-
liefs of all people in the population graph, which is then used
to sample and test the most likely infected people regardless
of their symptomatic state. This is the crucial concept that en-
ables ATI to identify infected people early before symptoms
appear, and decreases viral reproduction.

3. STOCHASTIC MODEL FOR CONTROLLED
TESTING

The proposed controlled testing scheme requires an under-
lying stochastic model to be able to use the current testing
results to estimate the likelihood of a person being infected
given the test results. We used a microscopic stochastic model
which includes every agent in the population as described be-
low. We model the connections between all N people in an
area (e.g., state, district, city) as an undirected graph, where
the people are represented by a set

N = {a1, a2, ..., aN} (1)

of agents (or nodes or vertices), and ”close contacts” between
people who might cause infection are represented by a set E
of edges1. The existence of an edge (n, i) ∈ E between per-
sons n, and i is determined based on criteria for potential in-
fections. For example, being within 2 meters of a COVID-19
patient for more than 15 minutes is defined as close contact

1With more accurate contact tracing this graph becomes a weighted graph
where the edges are the probability of mutual infection; e.g., parametrized by
the duration of the contact
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by the Israeli Ministry of Health, which can be represented by
an edge in our population graph model. By using more accu-
rate distance determination provided by short range wireless
communication such as Bluetooth we might be able to define
or learn a probability distribution from the data for the proba-
bility of infection. This turns the graph into a weighted graph,
with time varying weights.

For each agent an we define its set of first-order neighbors
by:

N1(an) , {ai : (n, i) ∈ E} , (2)

which represent all close contacts with respect to agent an.
Similarly, we define the second-order neighbors of an by:

N2(an) , {aj : ∃ai ∈ N1(an) and (i, j) ∈ E} , (3)

which represent all close contacts with respect to agent an’s
first-order neighbors. We focus only on first and second
neighborhoods of agents. Nevertheless, higher neighborhood
orders can be defined similarly. Intuitively, if agent an is
infected, then the probability of him or her infecting other
people over the graph decreases as the neighborhood order
increases. We also allow for external independent informa-
tion regarding each individual’s probability of being infected
based on physical measurements, such as temperature or daily
reporting of symptoms, which can be easily factored into the
agent state.

Each agent has two local states; namely, a physical state
SP (an), and controlled state sC(an). The physical state spec-
ifies its health condition (healthy SH /infected SI /recovered
SR /dead SD), whereas the controlled state specifies whether
the agent is in quarantine (so he or she cannot infect or be in-
fected) or released. The controlled state takes one of two pos-
sible values: sQ (quarantine), which represents a person who
was ordered to be in quarantine and SF which denotes a per-
son out of quarantine. The active testing algorithm has prior
information regarding each agent’s state described by a prob-
ability distribution over the four possible values of the physi-
cal states, and knowledge of the control state. The algorithm
observes the physical state of the person, either by testing for
COVID-19 or by the emergence of symptoms. This observa-
tion of an is denoted by o(an), which equals one if an was
confirmed infected. Otherwise, it equals zero. Note that ob-
servations might result in errors when inferring the physical
states; for example, due to false negatives and false positives
in COVID-19 tests. These considerations are taken into ac-
count in our simulation environment.

3.1. Infections over the population graph

Contagions between people are probabilistic in the stochas-
tic population graph. The probability that infected agent an
infects ai ∈ N1(an) through path (n, i) ∈ E is denoted by
p(n,i). Typically, p(n,i) is set such that the average number of
individuals a patient infects is given by the reproduction rate.

The key in operating efficient population testing to stop
the spread of the virus is to test the people most likely to
be infected (so we can identify them before symptoms ap-
pear). The estimated probability of person an being infected

is denoted by pn, which we refer to as a belief. Let G be the
graph topology, including the infection probability rules over
the graph. LetH be the history of the revealed knowledge by
the algorithm up to the current time, including all controlled
states, and observations. Then, at each given time the ATI
algorithm updates the beliefs based on G,H:

pn = fn(G,H), (4)

for all n = 1, ..., N .
Note that the beliefs are updated temporally by taking into

account practical aspects of COVID-19 effects on patients.
For example, the probability of a second-order neighbor of an
identified patient (who was quarantined when detected) be-
ing infected decreases with time as long as symptoms do not
appear. Therefore, the beliefs must be decreased for all peo-
ple who are not identified at each time step. Furthermore, the
belief of a person that was tested and obtained negative test re-
sults should be decreased. This side information is captured
by the historyH. A detailed development of the belief update
is given in the extended version of this paper [23].

Fig. 1. An illustration of infections over the population graph.
As described in the text, it is more likely that aj is infected
than am; i.e., pj > pm.

An illustration is provided in Fig. 1, where the population
graph contains two infected patients an, and an′ . Given that
these patients are identified, we can use the graph topology,
and the infection probability over the edges to estimate the
probability that aj is infected. Furthermore, assuming that
an′ has an equal probability to infect his or her first-order
neighbors aj , am, ak, we can further infer that it is more likely
that aj is infected than am is (since person aj is a first-order
neighbor of patient an′ , as well as a second-order neighbor
of patient an, whereas person am is a first-order neighbor of
patient an′ , and only a fourth-order neighbor of patient an),
i.e., pj > pm. Therefore, applying efficient controlled testing
strategy should prioritize testing aj over am.

4. SIMULATION RESULTS

As a baseline to our study we consider three methods: (a)
Isolation without testing (NTI) where only symptomatic peo-
ple are tested. This was the approach, e.g., in Israel; (b)
widespread random testing and isolation (RTI), i.e, following
the NTI policy and augmenting it with widespread tests for
anyone interested in getting tested; and (c) deterministic test-
ing and isolation (DTI) based on contact tracing as presented
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(a) Measure of burden on health system (b) Measure of total morbidity (c) Measure of economic and social impact

Fig. 2. Simulation results for a COVID-19 outbreak in a population of 100,000 people, and a low testing capacity (0.5% per
day).

Table 1. Simulation Results
Measure/method DTI ATI1 ATI2

Total # of infected people 1,247 801 839
Peak # of infected people 476 400 403

Total # of days in quarantine 685,473 451,781 474,979

in Ferreti et al. [8]. In this technique, when an infected agent
is detected, all its close contacts are quarantined and are told
to get tested. While DTI is much more efficient than the pre-
vious two methods, it allocates efforts to people unlikely to
be infected, either because of the duration of contact or other
prior information collected by the contact tracing. It also in-
curs a delay in testing second order infections. We propose
two levels of active testing: Computing infection probabil-
ities based solely on first order contacts or by solely using
second order contacts, dubbed 1st-order ATI (or ATI1), and
2nd-order ATI (or ATI2), respectively. The latter becomes
more efficient when the testing capacity is large.

Due to space limit, we present here the results for the
case of quickly controlling an outbreak in its early phase. In
the extended version of this paper [23], the interested reader
can find much more extensive simulations of suppressing
COVID19 in early stages as well advanced stages with up to
1.5% of the population already infected with large-scale pop-
ulation of up to one million people. Specifically, we present
here the case of an early outbreak with 50 infected people in
a city of 100,000 people. We also use this case to test the
magnitude of success of the quarantine. We assumed that
false negative of tests are 10%. We assumed 500 tests used
to test the population in this city every day, which is 0.5% of
the population. This is a small number which can be easily
conducted in cities of this size. We present the performance
of the various techniques with respect to a quarantine success
rate of 70% in Fig. 2.

As shown, as long as the tests are properly controlled by
the ATI, the decay time is relatively short with a significantly
lower quarantine rate even when the quarantine is only ob-
served by 70% percent of the population required to be in

quarantine. In contrast, with such a low number of tests,
RTI only slightly outperforms NTI. The combination of a low
quarantine rate and random testing is incapable of providing
an effective means to block the spread, although it does man-
age to flatten the curve over a very long period. DTI has better
performance, but requires 50% more quarantine days, and re-
sults in 50% higher morbidity rate, and higher load on health
system as compared to ATI. Thus, accurate contact tracing
with controlled testing does not require a huge amount of test-
ing to stop the outbreak. Table 1 presents the total infected
population, overall quarantine days over the epidemic and the
peak infection for DTI, 1st-order ATI (i.e., ATI1), and 2nd-
order ATI (i.e., ATI2) for quarantine success rates of 70%.
Finally, we point out that simulations with larger testing ca-
pacities demonstrte that ATI2 outperforms ATI1 [23]. This
can be explained by the fact that when the number of tests
is relatively small as in the setting here, both strategies give
high weight to testing first-order neighbors. However, when
the number of tests increases, ATI2 better approximates the
likelihood of people being infected based on higher contact-
degree.

Conclusion
We demonstrated that testing people using the methodology
of controlled testing and isolation in the spatio-temporal di-
mensions based on belief approximation exploits the avail-
able testing capacity much more efficiently as compared to
existing methods. This results in a significant reduction of
the burden on the healthcare system, the morbidity, and the
negative economic and societal impact. Controlled testing
methodology can be applied under standard epidemiological
investigations, as well as technological contact tracing. This
captures either static or time-varying interconnections. Also,
the model takes into account false negatives in test results that
captures the effect of miss-detect edges. We encourage gov-
ernments to invest resources in this effort, as many lives can
be saved.
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