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Abstract
Strategies such as testing, contact tracing, and quarantine have been proven to be
essential mechanisms to mitigate the propagation of infectious diseases. However,
when an epidemic spreads rapidly and/or the resources to contain it are limited (e.g.,
not enough tests available on a daily basis), to test and quarantine all the contacts of
detected individuals is impracticable. In this direction, we propose a method to com-
pute the individual risk of infection over time, based on the partial observation of the epi-
demic spreading through the population contact network. We define the risk of individ-
uals as their probability of getting infected from any of the possible chains of transmis-
sion up to length-two, originating from recently detected individuals. Ranking individuals
according to their risk of infection can serve as a decision-making tool to prioritise test-
ing, quarantine, or other preventive measures. We evaluate interventions based on our
risk ranking through simulations using a fairly realistic agent-based model calibrated for
COVID-19 epidemic outbreak. We consider different scenarios to study the role of key
quantities such as the number of daily available tests, the contact tracing time-window,
the transmission probability per contact (constant versus depending on multiple factors),
and the age since infection (for varying infectiousness). We find that, when there is a lim-
ited number of daily tests available, our method is capable of mitigating the propagation
more efficiently than some other approaches in the recent literature on the subject. A cru-
cial aspect of our method is that we provide an explicit formula for the risk, avoiding the
large number of iterations required to achieve convergence for the algorithms proposed
in the literature. Furthermore, neither the entire contact network nor a centralised setup
is required. These characteristics are essential for the practical implementation using
contact tracing applications.

Introduction
In the context of epidemics, contact tracing is the process of identifying individuals who
have been in contact with other individuals diagnosed with a transmissible disease. The rel-
evant contacts are those that would allow the transmission to happen, which depends on the
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mode of transmission of the disease, and requires the detected individual to be infectious at
the time of the encounter. Together with strategies such as testing and quarantining, contact
tracing has been shown to be an essential mechanism in order to mitigate the spread of a dis-
ease, allowing to contain and delay outbreaks, see [1]. Ideally, detected individuals (those who
receive a positive test result) are quarantined and their contacts are identified and tested as
well. However, these interventions have an economic and social cost, and a scenario where all
the contacts of detected individuals are tested is not realistic for diseases that start spreading
quickly in the population (outbreak). Hence, when the resources are limited (e.g., amount of
daily available tests), the question of how to cleverly allocate them to the population arises.

In this direction, we propose a method to compute the risk of infection of individuals in
the population over time, based on the partial observation of the epidemic spreading through
the population contact network. The risk of each individual is defined as her/his (marginal)
probability of infection conditionally on the observed variables in the recent past, and the
higher-risk individuals can get notified to be tested, quarantined, or applied any other pre-
ventive measures. Thus, the quantification of the infection risk is proposed here as a tool
to allocate the available resources more rationally than just randomly. Similar intervention
approaches have been shown to have a positive impact on mitigating epidemics, as seen in
[2–12].

To be more precise about our approach, we consider an agent-based model on a fixed-
size population where individuals admit a set of (discrete) characteristics influencing the
transmission of the disease. The pairwise contacts between individuals are described by a
dynamical networkmodel, in which some connections are deleted and some others are created
while time evolves. Then, we depict the disease spread in the population contact network by a
stochastic Susceptible-Infectious-Removed (SIR) dynamic (including more than three classes),
meaning that contagion can only happen (with a certain probability) when an infectious indi-
vidual is connected with a susceptible one by an edge in this contact network. In particular,
we consider a non-Markovian dynamic since the infection probability per interaction depends
on the date of infection of the source. This probability is also a function of the previously
mentioned characteristics of both individuals and the context of the interaction (e.g., in the
household, workplace, or random).

Given this dynamical network model and the propagation process on this network, we sup-
pose that the infectious statuses of individuals are (partially) observed through testing, as well
as the underlying contact network, the factors having an impact on the transmission for the
set of tested individuals, and their direct and secondary contacts. Actually, we consider at risk
not only the first-degree contacts of detected individuals (1○ contacts) but also their subse-
quent contacts (2○ contacts). In the sequel, to distinguish the different groups of individuals
under consideration, we call index cases the detected individuals while they are infectious, 1○

contacts the individuals who are not detected but interacted with index cases while the lat-
ter were infectious, and, 2○ contacts the individuals who are not detected but interacted with
1○ contacts after the latter were in contact with index cases. In addition, 1○ interaction and 2○

interaction refer to the risky encounter between index cases and 1○ contacts, and between 1○

and 2○ contacts respectively.
In real situations, the information about the tested individuals and their 1○ and 2○ contacts

is provided either by individuals themselves, through manual contact tracing (MCT), or by a
digital contact tracing (DCT), and is not necessarily centralized in the digital case. The advan-
tages of extending the contact tracing strategies up to 2○ contacts have been highlighted in the
recent literature, see [7,13,14]. Then, to compute the risk, we consider a rather general proba-
bility of transmission per interaction, depending on the observed attributes of both individu-
als, characteristics of the interaction, and the infection time of the source (which is unknown
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and estimated from the observations). Finally, we compute the probability for each individual
at risk of having been infected by one of the individuals detected in the previous days (fixed
time window), through chains of transmission of length one or two. It is worth noticing that
we compute this marginal probability by summing over all the possible paths of transmission,
providing explicit formulas, and avoiding independence assumptions and the cycling back
phenomenon described in S2 appendix.

Finally, we propose and simulate the following mitigation strategy: every day the probabil-
ity of being infected is computed for the individuals at risk, and a fixed number of the highest-
ranked individuals are tested; the newly detected individuals are put in quarantine the day
after, and the process is repeated each day during an intervention period. In parallel of the
detection by risk, symptomatic individuals are tested with a fixed probability per day since
the beginning of their symptoms, the ones detected are quarantined, and their contacts are
traced as described before. We evaluate this intervention through simulations in a series of
different scenarios, where we study the impact of some of the parameters in the model such
as the number of daily available tests, the time-frame for the time of infection and the propor-
tion of detection of symptomatic individuals. We also study the influence of the probability
function of transmission per interaction and different ways to estimate the time of infection
of the source. We further investigate the influence of the mean detection time for individu-
als who develop symptoms, test sensitivity and specificity, and the quarantine adoption frac-
tion. Additionally, we examine the role of super-spreaders within our model. We found that,
in most cases, our test allocation method is capable of mitigating the propagation of the dis-
ease considerably faster than randomly selecting (RS) individuals to get tested, or the usual
contact tracing (CT, i.e. ranking according to the number of interactions with detected indi-
viduals). Moreover, we found that with fewer daily available tests, our risk ranking is more
efficient than an equivalent setting where the probabilities are computed under the mean-field
(MF) hypothesis, see [2].

In the recent literature, there are many research works that study the effect of contact trac-
ing combined with treatment and/or quarantine, as non-pharmaceutical interventions for
infectious disease mitigation and control, see [15]. The SARS-CoV-2 outbreak has consider-
ably increased the scientific research motivation around strategies including contact tracing.
In particular, DCT apps have attracted the attention of Public Health authorities and the sci-
entific community as well, [16,17]. DCT apps allow to collect the information automatically,
and provide fast processing times but also come with drawbacks regarding privacy and the
data protection standards ruling in most countries, see [18]. This privacy protection issues
have had to be carefully addressed in order to implement this type of strategies in practice.
It is not our aim to discuss here how DCT apps should be implemented, however, it is worth
noticing that the tracing of random interactions, included in our simulations, is only possible
through DCT. The effectiveness of contact tracing interventions for the COVID-19 pandemic
is studied in [19] and more recently in [17,20], providing reviews of what has been done on
this topic based on empirical and simulated data.

Mathematical models play a crucial role in understanding the spread of epidemics, predict-
ing their progression, guiding public health decision-making, and evaluating the effectiveness
of intervention measures. While simpler models are easier to understand and implement, they
often represent reality in a more abstract manner, capturing only essential features [21,22].
Among the most widely recognized families of epidemic models are the compartmental SI
models, which describe epidemic spread within a homogeneous population by classifying
individuals into groups based on their epidemic status [23].

To achieve greater realism, these compartmental models have been extended to agent-
based models that account for the social structure and individual interaction patterns within a
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population. The pandemic caused by SARS-CoV-2 has significantly increased interest in these
models, in particular for evaluating the impact of non-pharmaceutical intervention strategies
such as quarantine, contact tracing, lockdown, and social distancing [24–26]. Agent-based
models incorporating contact network structures further enhance realism by accounting for
heterogeneities in social interactions, which are critical for understanding and mitigating
the spread of infectious diseases. In this work, we adopt an agent-based modeling approach
based on networks to provide a realistic framework for assessing our proposed contact tracing
method.

Specifically, in our simulations we use the Oxford OpenABM-Covid19 model, which
defines a contact network based on demographic characteristics of the UK population cali-
brated for the transmission of airborne diseases [27]. Furthermore, in this model, the spread
of the COVID-19 epidemic follows an enriched SIR dynamic (11 possible disease statuses),
stratified by age group and context of the interaction (e.g., household, workplace, random
encounter). It also accounts for key epidemiological features of the COVID-19 outbreak. In
particular, the model defines an infectiousness function that varies with time since infection
and considers asymptomatic and presymptomatic states. By capturing essential aspects of
real-world contact patterns and the epidemiology of COVID-19, this model provides a solid
foundation for evaluating the proposed risk estimation method. It reflects not only the struc-
tural heterogeneity of populations, but also the dynamic and nuanced nature of epidemic
transmission, making it highly suitable for our analysis.

Among the recent research studies looking at non-pharmaceutical interventions strate-
gies, there are a few with the same aim as ours, that is, to integrate individual infection risk
levels based on the observation of the interaction network and the test results in order to opti-
mize the allocation of the available resources. In [7] and [4], the risk is computed using Monte
Carlo methods. In [7], the authors estimate the individual infection probability up to 3○ con-
tact tracing, arguing that it improves the detection of asymptomatic patients in diseases with
a high percentage of them. Here, instead, we derive an explicit formula for these probabili-
ties taking into account up to 2○ contacts, and hence avoiding the large computing power and
the centralized information required by Monte Carlo methods. Other works such as [2] and
[6] avoid the use of Monte Carlo methods by using the mean-field approximation to evalu-
ate the individual risk of infection. However, the way the risk is propagated is “bidirectional,”
meaning that it is not only “forward” in the direction of the transmission given the observa-
tions. Indeed, they suppose that individuals interchange their risk information at each time
step if there is an edge between them, regardless of the previous path followed by the trans-
mitted risk, falling sometimes in the above mentioned cycling back issue. Despite the simi-
larities in the use of the MF hypothesis, it should be noticed that in [6] the network and prop-
agation model are simpler than in [2]. The latter deals with more realistic models, including
the OpenABM-Covid19 model used in our simulations. Moreover, in [2] a second method
is developed, that estimates the individual infection risk as the posterior distribution con-
ditional on the test observations through the Belief Propagation (BP) inference algorithms.
Similar computations are achieved in [3] and [5] using Gibbs Sampling (GS) and Factor-
ized Neighbors (FN) respectively. Another related methodology is presented in a series of
works [9,10,12,28–32], where the authors achieve the risk computation using deep learning
algorithms based on neural networks. It is also worth mentioning other machine learning
approaches for risk estimation from DCT data that exploit different observations, such as
Bluetooth energy measurements and exposure data, see [8,11].

A crucial aspect of our work is that we consider a rather realistic contact network and a
detailed disease spread model, see [27]. Another significant aspect is our consideration of 2○
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contact tracing, which provides a more accurate estimation of the risk compared to 1○ con-
tact tracing. Although our approach can be extended to 3○ contacts and beyond, the calcula-
tions would get much heavier, and we argue that the gain in the effectiveness of the mitigation
would not be significant, due to the uncertainty on the statuses of the intermediate individ-
uals in the chains of transmission. One more core feature of our method is that to compute
the risk, neither the whole contact network nor a centralized setup (contacts and individual
information) is required. These characteristics are crucial for practical implementation using
DCT applications, where the interchange of information between contacts across the entire
network could be challenging due to privacy restrictions impacting a vast amount of personal
data. These challenges can be exacerbated in centralized systems, see [5]. Furthermore, com-
pared to the previously mentioned inference algorithms used to calculate the individual risk
of being infected (i.e., BP, GS, FN), our risk calculation is simpler: while these algorithms
integrate the observations at any time t by updating and re-propagating the risks step-by-step
in a given time interval previous to t for every contact (up to any contact degree) of all the
individuals in the population, we calculate directly the risk at t of individuals in contact (up to
2○) with someone detected by integrating the probability of any possible path of length up to
2 that might lead to the infection of these individuals. In this way, we avoid any cycling back
phenomenon, and we do not need to update the risk of all individuals for every time step in
the contact tracing time window, getting a very low level of messages interchange between
individuals, see [5].

Methods
We aim at defining a practical, realistic, and efficiently implemented risk-based dynamic
detection process allowing us to identify the most likely infected individuals. To take into
account the heterogeneity of disease transmissions, we consider that the probability of infec-
tion per interaction depends on individual attributes (e.g., age, healthy habits) and infectious-
ness of the source (e.g., day since infection, type of symptoms) of individuals in contact and
the characteristics of the interaction (e.g., place, duration, distance, protective measure).

In addition, to provide a sharper and earlier detection process of the most likely infected
individuals, not only the direct contacts of detected individuals are considered to be at risk,
but also their subsequent contacts (2○ contact tracing). Compared with the usual 1○ contact
tracing, we expect to obtain a more accurate estimation of the risk of infection, and hence to
detect more efficiently (in terms of the mitigation of the epidemic) individuals that are in gen-
eral harder to detect due to the absence of symptoms (asymptomatic or pre-symptomatic indi-
viduals). It has become clear from numerous research studies that these latter individuals play
an important role in SARS-CoV-2 transmission dynamics, see [13,14,33].

From a realistic point of view, one can estimate the individual risk of getting infected only
from the observations (available information) that are provided by the tested individuals
and their contacts through manual or digital CT. In view of all the above, our intervention
approach relies on a dynamic risk evaluation for 1○ and 2○ contacts, and their risk is defined
as the marginal conditional probability of getting infected given their past known 1○ and 2○

interactions, and the information provided by the tests.
In the following, we give a brief description of disease-spread models on social networks,

we introduce some useful notations and finally, we define the risks of infection for 1○ and 2○

contacts.
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Disease spread model on social networks
We consider a population consisting of N (N∈ℕ) individuals that stays constant over time,
so neither births, deaths nor migrations are taken into account. Notice that constant pop-
ulation size is a convenient assumption for the notation, but small variations in the pop-
ulation size do not influence the procedures described in the sequel. Let us denote by V =
{1,… , i,… , j,… ,N} the population under consideration.

Social structure model
At any discrete time t (t∈ℕ), the social structure (interactions between individuals at t) is

represented by an undirected graph Gt = (V ,Et). We consider that V = {(i, ai) ∶ i∈V and ai ∈
A} corresponding to the set of vertices V (the individuals), supplemented by the set A of ver-
tices attributes mentioned at the beginning of the section. Likewise, Et = {(i, j, cijt ) ∶ (i, j)∈
Et and cijt ∈ C} is the set of the edges Et, describing the interactions at time t between the cor-
responding individuals, supplemented by C, the set of the characteristics of these interactions.

The time interval [0 ∶ T] corresponds to the period of study, where we assume that at the
first time 0 there is already an ongoing outbreak (a small number of infectious individuals)
and at the last time T the study ends. Here the time unit is one day. In the sequel, to refer to
the discrete-time interval between any tl and tm, we use [tl ∶ tm] with the convention that the
interval is empty when tl > tm.

Although the stochastic mechanism of the social network evolution over time is not of pri-
mary interest here, the sequence G[0∶T] is however viewed as a realization of a dynamic ran-
dom network model over the time-period [0 ∶ T] (see [34]). As previously mentioned, it is
reasonable to consider that the social structure is partially random (except the sub-graph cor-
responding to household interactions), and hence that some individual and edge attributes are
governed by some specific probability distributions.

Infectious disease spreading on the network
Here, we consider an individual-based SIR dynamic spreading on the underlying social

network. The possible individual statuses are only Susceptible (S), Infected (I) and Removed
(R), and the only possible status evolution over time are S→ I and I→ R, where R considered
as an absorbing state. We denote by Xi

t ∈ {S, I,R} the random variable corresponding to the
status of individual i at time t.

While the dynamic social network is represented by undirected graphs, the transmission of
the infectious disease is directed along an edge from an infectious individual (source or donor)
to a susceptible one (recipient). We consider that the transmission probability depends on the
infection time of the source, as well as on both individual and interaction attributes A and
C. For any time t≥ 0, and any two distinct individuals i and j in V, seen respectively as pos-
sible source and recipient, recall that ai, aj ∈A denote the individual attributes, and cijt ∈ C
the characteristics of the interaction. In addition, we consider another attribute related to the
disease spreading, namely bit ∈ B, which corresponds to the type of symptoms the individ-
ual imanifests at time t. We have in mind that the individual i could be for example asymp-
tomatic, mild, or severe, and the parameter bit allows us to establish how the severity of the
symptoms influences the probability of transmission of i. Finally, we denote by 𝜏iI and 𝜏iR the
not observed random variables representing the infection and removal times of individual
i, taking values in [0 ∶ t]∪{+∞}, where for convenience we set 𝜏iI = 𝜏iR =∞ if i has not yet
been infected. We suppose that the transmission probability that the individual i infects j at t
depends on all the above quantities (parameters and random variables). Hence, we denote it
by 𝜆i→j

ai ,aj ,t,bit ,𝜏iI ,𝜏iR ,c
ij
t
and for the sake of simplicity we use the following simplified notation,
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𝜆i→j
ai ,aj ,t,bit ,𝜏iI ,𝜏iR ,c

ij
t
≡ 𝜆i→j

𝜏iI ,t
.

Notice that

𝜆i→j
𝜏iI ,t
= 0 if (i, j)∉ Et or t≤ 𝜏iI or t≥ 𝜏iR. (1)

Observations
Let us now describe the observation process on which the risk computation relies. We

assume that testing individuals for the disease is possible from time t = 1, so for any t ≥ 1 let
us denote byD+t ,D–

t the set of individuals receiving a positive, respectively negative result
at time t. To focus on the most recent and relevant interactions, we introduce the parameter
𝜁 ∈ ℕ corresponding to the contact tracing time-frame. Hence, at a given time t ≥ 0, the set of
observations is provided by the graph of interactions during the recent days [t– 𝜁 ∶ t], and the
set of individuals with a positive and a negative result until t–1. This set includes test results,
interactions network, and both individual and interaction attributes. Notice that we keep the
list of all the individuals detected since the beginning because we consider that after they get
the infection, they stay immune for the period of study. In conclusion, the set of observations
at t is defined as

O𝜁
t = {Gl}l∈[t–𝜁∶t] ∪ {D+l }l∈[1∶t–1] ∪ {D–

l }l∈[1∶t–1] .

In practice, the spreading of the disease on the network is not available. Unless tested or
with reported symptoms, the status and infectiousness of individuals are unknown. In addi-
tion, there is some uncertainty in the detection process due to the sensitivity and specificity of
the tests, and the co-circulation of other diseases causing similar symptoms. However, here we
consider only perfect tests (i.e., test specificity and sensitivity equal to 1) and we assume that
all the reported symptoms are a consequence of the disease under study.

In particular, the infection and removal times of individuals are never known even for the
detected individuals. These quantities are necessary to compute the probability of transmis-
sion from a possibly infectious individual i to a presumably susceptible j at time t, as well as
the severity coefficient bit, therefore we approximate them. More precisely, we approximate
the probability distributions of 𝜏iI and 𝜏iR, and for the sake of simplicity, we keep the nota-
tions 𝜏iI and 𝜏iR to represent the random variables issued from the approximated distributions.
Depending on the proposed contact tracing approach, we approximate the distribution of
𝜏iI by a Dirac measure 𝛿𝜏̂iI or a generalized truncated geometric distribution, as seen later in
Equations (6) and (7). Similarly, we approximate the distribution of 𝜏iR by a Dirac distribution
𝛿𝜏̂iR . For convenience, the quantities 𝜏̂

i
I and 𝜏̂iR are defined in ℕ∪{+∞} and serve as estima-

tions of 𝜏iI, 𝜏iR. By default, at time 0, we set 𝜏̂iI = 𝜏̂iR = +∞ for all i∈V. We briefly describe two
distinct situations that we have at any time t.

1. If i∈D+t , we update the values of the estimators 𝜏̂iI and 𝜏̂iR to finite values computed
from the observations. The details on the definition of the finite candidates for 𝜏̂iI are
provided later. We set 𝜏̂iR = 𝜏̂iI+𝛽, where 𝛽 is a positive integer that is chosen greater than
the mean duration of infectiousness (𝛽 = 21 in our simulations).

2. If i∉D+t , the values of 𝜏̂iI and 𝜏̂iR stay equal to their previous values.

We denote by b̂it the estimation of the parameter bit at time t. If i∉D+[1∶t], we consider
b̂is = “asymptomatic” for 0 ≤ s ≤ t. On the other hand, if i is detected at time t, that is i∈D+t ,
we update b̂il as the real value b

i
t for l∈ [̂𝜏iI ∶ 𝜏̂iR] since we assume that when an individual is

detected, the severity of the symptoms experienced by this individual is known.
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To keep the trace of the negative test results, we define at any t and for any individual j, the
day 𝜃jt as the last date before t on which j receives a negative test result,

𝜃jt =max{l∈ [1 ∶ t] ∶ j∈D–
l } , and by convention max𝜙 = 0.

Hence, only the interactions of j that are posterior to 𝜃jt are considered risky, meaning that,
before a negative test result, the probability that j has been infected is zero.

Risk of infection via transmission chains
We propose two approaches to compute the risk, based on two different degrees of interac-
tions. To differentiate both methods, we call them in the sequel 1○contact tracing (1○CT) and
2○contact tracing (2○CT). In the first approach, the risk of infection is based on 1○ interac-
tions, while the second proposes a more accurate risk of infection, defined from both 1○ and
2○ interactions.

For any time t and any individual j∉D+[1∶t–1], our aim is to estimate the probability of

infection of j given the set of observationsO𝜁
t , that is

ℙ(Xj
t = I ∣O

𝜁
t ) . (2)

We introduce a new truncation parameter 𝛾 ∈ℕ, such that 𝛾 ≤ 𝜁, corresponding to the
infection time-frame of interest. More precisely, for any j∉D+[1∶t–1], we approximate the prob-
ability in (2) by “Rj

𝛾,𝜁 (t),” which is defined as the probability of j being infected in the interval
[t–𝛾 ∶ t] given the set of observations at time t, that is

Rj
𝛾,𝜁 (t) =ℙ

⎛
⎜
⎝

t

⋃
l=t–𝛾
{𝜏jI = l}

RRRRRRRRRRRRR
O𝜁

t

⎞
⎟
⎠
. (3)

The risk given by Equation (3) can be expressed as the probability for individual j of hav-
ing been infected by any of the possible sources of transmission in the time interval [t–𝛾 ∶ t],
given the observations. Hence, Equation (3) can be rewritten as

Rj
𝛾,𝜁 (t) = 1 – ∏

i∈V∶i≠j
ℙ
⎛
⎜
⎝

t

⋂
l=t–𝛾
{Yij

l = 0}
RRRRRRRRRRRRR
O𝜁

t

⎞
⎟
⎠
, (4)

where

Yij
l =
⎧⎪⎪⎨⎪⎪⎩

1, if i infects j at time l,
0, otherwise.

Then, for any possible individual i considered as a source, we can use the law of total prob-
ability with respect to the date of infection of i, which leads to

ℙ
⎛
⎜
⎝

t

⋂
l=t–𝛾
{Yij

l = 0}
RRRRRRRRRRRRR
O𝜁

t

⎞
⎟
⎠
=∑

d∈Δ
ℙ
⎛
⎜
⎝

t

⋂
l=t–𝛾
{Yij

l = 0}
RRRRRRRRRRRRR
𝜏iI = d,O𝜁

t

⎞
⎟
⎠
ℙ(𝜏iI = d ∣O𝜁

t ) , (5)
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with Δ = [1 ∶ t–1] ∪ {+∞}. By independence of the events {Yij
l = 0 ∣ 𝜏iI = d,O

𝜁
t }l∈[t–𝛾∶t] we

have

ℙ
⎛
⎜
⎝

t

⋂
l=t–𝛾
{Yij

l = 0}
RRRRRRRRRRRRR
𝜏iI = d,O𝜁

t

⎞
⎟
⎠
=

t
∏
l=t–𝛾

ℙ(Yij
l = 0∣𝜏

i
I = d,O

𝜁
t ) ,

where we assume

Yij
l ∣ 𝜏

i
I = d,O

𝜁
t ∼ Ber(𝜆i→j

d,l 𝟙(l > 𝜃
j
t)) .

The way we model 𝜏iI ∣O𝜁
t depends on the contact tracing method under consideration

and it is explained in the following sections.
Infection risk for 1○ contact tracing. We describe now how to compute the risk defined

by Equation (4) for any j such that j∉D+[1∶t–1] using the 1○CT approach that considers as pos-
sible sources of infection only the index cases. At a given time t, an individual i that has been
detected up to t, is considered as an index case for any time l between the respective estimated
infection and removal times. Thus, we define the set of index cases at time l given the set of
observationsO𝜁

t as

Il,t = {i∈D+[1∶t–1] ∶ l∈]̂𝜏iI ∶ 𝜏̂iR[} .

For the 1○CT approach, we only take into account the interactions with index cases that
occur in the interval [t – 𝛾 ∶ t]. Consequently, the set of observations reduces to

O𝛾,1○
t = {G1

○

l,t }l∈[t–𝛾∶t] ∪ {D
+
l }l∈[1∶t–1] ∪ {D–

l }l∈[1∶t–1] ⊂O
𝜁
t ,

where G1
○

l,t = (V1○
l,t ,E1

○

l,t )⊂ Gl, E1
○

l,t corresponds to the set edges E1
○

l,t complemented by their
attributes and with E1

○

l,t being composed of the 1○ interactions at l, that is

E1
○

l,t = {(i, j)∈ El ∶ i∈ Il,t, j∉D+[1∶t–1] and 𝜃
j
t < l} .

In addition, the set V1○
l,t corresponds to the vertices in E1

○

l,t complemented by their
attributes.

As we mentioned before, the time of infection of index cases is inferred from the observa-
tions and is defined as

ℙ(𝜏iI = d ∣O𝜁
t ) =ℙ(𝜏iI = d ∣O𝛾,1○

t ) = 𝛿𝜏̂iI(d). (6)

As a consequence, Equation (5) becomes

ℙ
⎛
⎜
⎝

t

⋂
l=t–𝛾

Yij
l = 0

RRRRRRRRRRRRR
O𝜁

t

⎞
⎟
⎠
=ℙ
⎛
⎜
⎝

t

⋂
l=t–𝛾

Yij
l = 0

RRRRRRRRRRRRR
𝜏iI = 𝜏̂iI,O𝛾,1○

t

⎞
⎟
⎠
.
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Finally, for the 1○CT method, the risk given by (4) for j at t is defined as

Rj,1○
𝛾 (t) = 1 – ∏

i∈V∶i≠j

t
∏
l=t–𝛾
(1 – 𝜆i→j

𝜏̂iI ,l
𝟙(l > 𝜃jt)) .

Remind that, as considered in Equation (1), 𝜆i→j
𝜏̂iI ,l
= 0 if 𝜏̂iI =∞.

Infection risk for 2○ contact tracing. Here, we derive the computation of the risk defined
by Equation (4) by considering as possible sources of transmission both index cases and 1○

contacts. For any individual j such that j∉D+[1∶t–1], when the possible source is an index case,
the risk computation is analogous to the one developed for the 1○ CT method. On the other
hand, when the possible source is a 1○ contact i (such that i∉D+[1∶t–1]), we use the parameter 𝜁
(𝜁 ≥ 𝛾) as the time-frame for the infection date of i, meaning that it lies in the interval of time
[t– 𝜁 ∶ t–1]. As a consequence, we are interested in 1○ interactions that occur in [t– 𝜁 ∶ t–1]
and in the 2○ interactions that occur after a possible transmission due to a 1○ interaction in
the interval of time [t–𝛾 ∶ t].

Hence, the set of observationsO𝜁
t reduces toO𝜁,𝛾,2○

t (O𝜁,𝛾,2○
t ⊂O𝜁

t ),

{G1
○

l,t }l∈[t–𝜁∶t] ∪ {G
2○
l,t }l∈[t–𝛾∶t] ∪ {D

+
l }l∈[1∶t–1] ∪ {D–

l }l∈[1∶t–1] ,

where G1
○

l,t = (V1○
l,t ,E1

○

l,t ) is defined in ‘Infection risk for 1°contact tracing’ Section, G2
○

l,t =
(V2○

l,t ,E2
○

l,t )⊂ Gl, E2
○

l,t corresponds to the set of edges E2
○

l,t complemented by their attributes, and
with E2

○

l,t being composed of the 2○ interactions at l, i.e.

E2
○

l,t =
⎧⎪⎪⎪⎨⎪⎪⎪⎩
(i, j)∈ El ∶ ∃k∈V s.t. (k, i)∈ ⋃

d∈[t–𝜁∶l–1]
E1
○

d,t, j∉D+[1∶t–1] and 𝜃
j
t < l
⎫⎪⎪⎪⎬⎪⎪⎪⎭
.

The set V2○
l,t is composed of the vertices in E2

○

l,t complemented by their attributes.
Let us now consider an individual i that has not been detected up to time t–1. We remind

that, 𝜃it is defined as the last time, before t, of a negative result test for i. On the other hand,
t – 𝜁 is considered as the first possible time of infection of i. Hence, we denote by 𝜃it,𝜁 = (𝜃it +
1) ∨ (t– 𝜁) the first possible time of infection for i, where the notation ”t1 ∨ t2” stands for the
maximal term between t1 and t2. Then, to bring together all the possible sources of infections
(index cases and others), we model the distribution of the time of infection ℙ(𝜏iI = d ∣O𝜁,𝛾,2○

t )
of any individual i∈V, and any time d∈Δ = [1 ∶ t – 1] ∪ {+∞} as follows,

𝛿𝜏̂iI (d)𝟙 (i∈D
+
[1∶t–1]) + g

i
t,𝜁 (d)𝟙 (i∉D+[1∶t–1]) , (7)

where git,𝜁(d) is the probability mass function of a truncated generalized geometric in
[𝜃it,𝜁 ∶ t – 1] ∪ {+∞}, defined as

𝟙 (𝜃it,𝜁 ≤ d≤ t – 1) pid,t
d–1
∏
l=𝜃it,𝜁

(1 – pil,t) + 𝟙 (d =∞)
t–1
∏
l=𝜃it,𝜁

(1 – pil,t) .
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We denote by pil,t the probability that i gets infected by some index case at time l, given the
set of observationsO𝜁,𝛾,2○

t , that is

pil,t = 1 – ∏
k∈V∶k≠i

ℙ(Yki
l = 0 ∣ 𝜏kI = 𝜏̂kI ,O𝜁,𝛾,2○

t ) .

For the 2○ CT method, the risk of infection Rj,2○

𝛾,𝜁 (t) for an individual j at t is defined as,

Rj,2○

𝛾,𝜁 (t) = 1 –∏
i∈V∶i≠j

∑
d∈Δ

t
∏
l=t–𝛾

ℙ(Yij
l = 0∣𝜏

i
I = d,O

𝜁,𝛾,2○
t )ℙ(𝜏iI = d∣O𝜁,𝛾,2○

t ) .

Simulation results
Simulated data come from OpenABM-Covid19 model which code is available on https://
github.com/aleingrosso/OpenABM-Covid19. Our code is available on https://github.com/
gbayolo26 /risk_estimation.

Simulated data
To test our proposed method on a proper data set, we generate the data using the OpenABM-
Covid19 model introduced by [27]. This agent-based model simulates the spread of the
COVID-19 disease on a sequence of contact networks representing the daily interactions
within a population whose demographic structure is based upon UK census data. This model
has several advantages: (1) it is rich enough to mimic a dynamic social contact network at
the level of a real country, with possible large population size and a variety of individual
information, in particular, the daily interactions between individuals come from three dif-
ferent networks depicting the contacts at home, at work and at random; (2) concerning the
disease spreading, several infected statuses are available ranging from asymptomatic to pre-
symptomatic statuses to mild or severe symptomatic, where the pre-symptomatic status refers
to infectious individuals without symptoms; (3) it has several implementation advantages
such as a very fast running time and the fact that new intervention methods, like ours, can be
easily integrated into the existing code.

In the OpenABM-Covid19 model, the transmission probability takes into account the
infectiousness of the source (day of infection, disease severity according to the status), the sus-
ceptibility of the recipient based on the age group, and the place where the interactions occur,
putting more weight to the household interactions than the others. Indeed, the transmission
probability 𝜆i→j

𝜏iI ,t
that i infects j at time t is defined as

1 – exp(–LfA(aj)fB(bit)fC(c
ij
t )∫

t–𝜏iI

t–𝜏iI–1
fΓ(u;𝜇,𝜎2)du) , (8)

where

1. fΓ accounts for the varying infectiousness over the course of the disease, and it is chosen
as the density function of the Gamma distribution with mean 𝜇 and standard deviation
𝜎,

2. fB(bit) is the severity of the individual i considered as a possible source at time t (i can
be susceptible, asymptomatic, pre-mild, mild, pre-severe, severe or removed),
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3. fA(aj) is the relative susceptibility of the recipient j, which depends on the age group of
j, and is normalized by the mean number of daily interactions by age group,

4. fC(cijt ) is the strength of the interaction (if it is at home, work or random) between i and
j at t,

5. L scales the overall infection rate.

For more details on the OpenABM-Covid19 model, and in particular, on the functions fA,
fB and fC, the interested reader can refer to S1 appendix and [27].

Intervention strategy
The simulation starts at time t = 0 with N individuals. At the beginning, all individuals are
susceptible (S), except for a small number N0 of infectious individuals (“patients zero”). Every
day, starting from t = 1, a proportion ps, respectively pm, of individuals with newly developed
severe and mild symptoms are tested, detected and quarantined. Later, at a fixed date t0 in
[1 ∶ T], the intervention based on the risk calculation starts, and it is carried out daily until
the mitigation of the epidemic or the end of the study. At any t≥ t0, the intervention strat-
egy based on the 2○CT method consists of tracing 1○ and 2○contacts, computing their risk
of infection, and ranking them according to their risk values. See Fig 1 for an illustration of
how the proposed 2○CT method works for a simple scenario of three days. Then, the first 𝜂
individuals in the ranking are tested, and the newly detected ones become index cases and
are quarantined. The default quarantine protocol stops the interactions in the occupation
and random network, but those within the household are maintained. On a given day, it may
happen that the number of traced individuals is smaller than 𝜂, in which case we randomly
select and test individuals among those who have not been detected, until reaching the num-
ber of 𝜂 daily available tests; for those detected, we set their time of infection at 𝛾 days prior
to their detection (since we do not have information to infer their time of infection from pre-
vious contacts with detected individuals). As already mentioned, the tests are assumed to be
perfect, and we suppose that the test results are available the same day on which the tests are
performed.

Notice that the 1○CT method is a particular case of the 2○CT method, and hence, the inter-
vention related to the 1○CT method is analogous to the one for the 2○CT method, except that
only the 1○contacts are traced and ranked. The implementation of these methods could be
automated via contact tracing applications (DCT), when this tool is available, as follows: (1)
data collection, namely index cases record and share their contact data anonymously, 1○ con-
tacts are traced and their subsequent contacts (2○ contacts) are identified; (2) risk calculation
by the DCT app for each traced individual using the predefined risk formula, based on their
exposure to index cases; (3) risk-based ranking and notification, meaning that individuals are
ranked according to their risk values, and those with the highest risks are prioritized for test-
ing and subsequent quarantine; and (4) real-time updates by the app of the risk scores as new
cases are reported or additional contacts are traced.

To compute the risk of infection for the 1○CT and 2○CT methods, we use the transmis-
sion probability considered in [27] and defined by Equation (8), with b̂it and 𝜏̂iI in place of the
true values bit and 𝜏iI. Due to the way the infectiousness is modeled, we have that 𝜆i→j

𝜏,t ≈ 0 if t –
𝜏 ≥ 15. The latter, combined with a significant gain of the computational cost of our method,
leads us to reduce the set of index cases as follows

Il,t = {i∈V ∶ l∈]̂𝜏iI ∨ (t – 21) ∶ 𝜏̂iR[} .
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Fig 1. Interactions between individuals over three days.When the individual A is detected, A is quarantined, and their time of infection is estimated. The
2○contact tracing method traces forward the first and second contacts in interaction with A after the estimated time of infection. The risk for these individuals is
then computed, and those with the highest risk are selected for testing.

https://doi.org/10.1371/journal.pone.0320291.g001

Results
In this section, we present the results obtained using the intervention based on the risk,
through the simulation of different scenarios. For all the simulations, the propagation of the
epidemic is identical until t0, while it might change after t0, when the intervention method
starts, depending on the particular scenario. In the figures presented later, each thin line rep-
resents the result obtained for the realization associated with one seed, while the thick lines
correspond to the average of all the realizations.

Estimation of the time of infection. As seen before, the estimated time of infection of
index cases has a direct impact and an indirect impact on the computation of the risk of infec-
tion since (1) the probability of transmission depends on it and (2) the selection of the risky
interactions relies on it. The estimation of the time of infection is computed on the day of
detection of the individual, and it remains constant over time after this day. Remind that, for
any individual j who has not been detected, we have set 𝜏̂jI =∞.
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Fig 2. Effect of the estimators 𝜏̂iI (blue), 𝛼̂i
I (orange), and the real time of infection 𝜏iI (green). (A) The 1○CT method with parameter 𝛾 = 6. (B) 2○CT with 𝛾 = 6

and 𝜁 = 7. (C) 2○CT with 𝛾 = 6 and 𝜁 = 8. (D) 2○CT with 𝛾 = 6 and 𝜁 = 9. The figures illustrate the impact of these methods on the spread of the epidemic, displaying
the number of infectious individuals over T = 100 days in a population of size N = 50K. The intervention begins on day t0 = 12, with N0 = 10 initial patients (patient
zero cases), 𝜂 = 125 daily available tests, a proportion ps = 1 of detected severe symptomatic individuals, and a proportion pm = 0.75 of detected mild symptomatic
individuals.

https://doi.org/10.1371/journal.pone.0320291.g002

At any time t ≥ t0, the individuals are tested because of their symptoms or because they
have been traced and selected based on their risk of infection. Among the symptomatic indi-
viduals, let us denote bym (m∈ℕ) the expected number of days it takes to develop symp-
toms after the day of infection. In our simulations, we usedm = 6 as in [27]. Then, if j is
detected by symptoms at t we define the approximation of the time of infection as (t – m) ∨
(𝜃jt + 1).

For any individual j detected by risk at t, we define 𝜏̂jI as follows,

𝜏̂jI = 𝜏̂
j,1○
I 𝟙(𝜏̂j,1

○

I ≠∞) + 𝜏̂
j,2○
I 𝟙(𝜏̂j,1

○

I =∞) ,

where 𝜏̂j,1
○

I and 𝜏̂j,2
○

I are defined respectively as the minimal time of the 1○ and 2○ interactions
of j, lying within the time-frame [t–𝛾 ∶ t], that is

𝜏̂j,1
○

I =min{d∈ [t – 𝛾 ∶ t] ∶ ∃i∈V s.t. (i, j)∈ E1
○

d,t} ,

𝜏̂j,2
○

I =min{d∈ [t – 𝛾 ∶ t] ∶ ∃i∈V s.t. (i, j)∈ E2
○

d,t} ,

where, by convention we set min𝜙 =∞.
To evaluate the effectiveness of the estimator 𝜏̂jI in the mitigation strategy, we propose

another estimator 𝛼j
I for the individuals detected by risk, which is constant for all index cases

provided that they do not have a previous negative test result, that is

𝛼j
I = (t – 𝛾 ) ∨ (𝜃

j
t + 1).

To compare the effect of 𝜏̂iI, 𝛼i
I, and 𝜏iI (the real infection time of i), on the mitigation of the

epidemic, we simulate the same intervention strategy with these three different times of infec-
tion and for different sets of parameter values. We depict in Fig 2 the number of infectious
individuals in logarithmic scale through time, and for the same simulated trajectories, we dis-
play in Fig 3 the box-plots of the empirical distribution of the differences 𝜏iI –𝛼i

I and 𝜏iI – 𝜏̂iI.
The results in Fig 2 show that, for a broad range of parameter values, the use of the esti-

mated infection time 𝜏̂iI is more effective in the mitigation of the epidemic than the constant
estimator 𝛼i

I. This improvement is more pronounced in panels C and D, in which 𝜏̂iI provides
results that are almost as good as the ones obtained with 𝜏iI, the true time of infection. If we
take a look at the corresponding box-plots in Fig 3, we can see that the empirical distribution

PLOS ONE https://doi.org/10.1371/journal.pone.0320291 April 7, 2025 14/ 26

https://doi.org/10.1371/journal.pone.0320291.g002
https://doi.org/10.1371/journal.pone.0320291


ID: pone.0320291 — 2025/4/7 — page 15 — #15

PLOS ONE Test allocation based on risk of infection from first and second order contact tracing

Fig 3. Comparison of infection time estimators. Box plots of the differences 𝜏iI – 𝜏̂iI (orange) and 𝜏iI – 𝛼̂i
I (blue) for

individuals detected by risk using the 1○CT and 2○CT methods, considering the parameter range 𝜁 = 7, 8, 9 and 𝛾 = 6.
Each box plot was generated using four seeds, with parameters T = 100, N = 50K, t0 = 12, N0 = 10, 𝜂 = 125, pS = 1,
and pm = 0.75.

https://doi.org/10.1371/journal.pone.0320291.g003

of 𝜏iI – 𝜏̂iI is more concentrated around the empirical median, and hence, has less variability,
than the one of 𝜏iI –𝛼i

I. Moreover, for 𝜁 = 8, 9, the empirical median of 𝜏iI – 𝜏̂iI is much closer
to zero than the one of 𝜏iI –𝛼i

I. In these latter cases, the good performance of the estimator 𝜏̂iI
allows reaching the mitigation of the epidemic faster than the constant estimator (see panels
C–D in Fig 2).

Time-frame for the time of infection. In a context of limited resources, providing an
effective strategy for mitigating an epidemic goes through the detection at an early stage of the
most likely infected individuals. Indeed, the detection of the latter before they become highly
infectious is preferable. Hence, tuning the parameter 𝛾, which corresponds to the considered
infection time-frame for individuals at risk, plays a key role in providing an effective strategy
for the mitigation of the epidemic. There is a trade-off between large and small values of 𝛾.
For large values of 𝛾, one expects to detect more individuals since, by construction, the set of
observations increases with time. On the other hand, small values of 𝛾 allow us to concentrate
the efforts on the more recently infected individuals, before they propagate the disease, and
discard those individuals that were infected a long time ago.

In Fig 4, we study the impact of the values of 𝛾 on the mitigation of the epidemic for
1○CT and 2○CT methods, showing the number of infectious individuals in logarithmic scale
through time. For these simulations we keep 𝜁 constant with respect to 𝛾 (the choice of the
value of the parameter 𝜁 is further discussed in ‘Comparison with other ranking methods’
Section. In Fig 5, we focus on the effect of 𝛾 on the early or late detection of the individuals by
displaying the box-plots of the difference between the time of detection and the time of infec-
tion for the individuals detected by risk. Each box-plot in Fig 5 has been built from the same
simulations presented in the Fig 4.

Fig 5 shows that, for both methods, the detection of infected individuals is faster with a
small value of 𝛾; this enables a faster progression of the epidemic mitigation as seen in Fig 4.
From both figures, we conclude that taking 𝛾 = 6 in the two methods makes them effective
in detecting and quarantining individuals at an early stage of infection and improves the
allocation of resources.
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Fig 4. Effect of 𝛾 on epidemic spread. Effect of 𝛾 on epidemic spread for strategies 1○CT (blue) and 2○CT (yellow) when 𝜁 =𝛾+3, with (A) 𝛾 = 6, (B) 𝛾 = 10, and (C)
𝛾 = 14. Each plot was generated using four seeds, with parameters T = 100, N = 50K, t0 = 12, N0 = 10, 𝜂 = 125, pS = 1, and pm = 0.75.

https://doi.org/10.1371/journal.pone.0320291.g004

Fig 5. Box plots of infection and detection time differences. Box plots of the differences between the time of infec-
tion and the time of detection for individuals detected by risk using the 1○CT and 2○CT methods, with parameter
values 𝛾 = 6, 10, 14, and for 2○CT with 𝜁 =𝛾 + 3. The simulations were performed with T = 100, N = 50K, t0 = 12,
N0 = 10, 𝜂 = 125, pS = 1, and pm = 0.75, using four different seeds.

https://doi.org/10.1371/journal.pone.0320291.g005

Probability of transmission. The probability of transmission plays also a role in the abil-
ity of the contact tracing strategy to mitigate the epidemic. For the 1○CT and 2○CT meth-
ods, the probability of transmission is involved in the risk of infection calculated at t for an
individual j and depends directly on the estimation of the time of infection (see Equation (8)).

Here we compare the 1○CT and 2○CT methods for a range of values of the pair “proba-
bility of transmission and real or estimated time of infection,” i.e., for (𝜆i→j

𝜏iI
, 𝜏iI), (𝜆

i→j
̂𝜏iI
, ̂𝜏iI),

(p, ̂𝜏iI) and (p, 𝛼̂i
I), where 𝜆

i→j
̂𝜏iI
is defined by Equation (8), ̂𝜏iI, 𝛼̂i

I are defined later, 𝜏iI is the true
infection time of i and p = 1/2 is a constant. For all of these pairs, Fig 6 depicts the number of
infectious individuals in logarithmic scale through time, for 𝛾 = 6 and 𝜁 = 9.

Both panels in Fig 6 show that the results given by the pair (p, ̂𝜏iI) (in orange) are much
better than the ones obtained with (p, 𝛼̂i

I) (in yellow), confirming that it is crucial to accu-
rately estimate the infection time. Moreover, the probability of transmission that depends
on the individual and interaction attributes (in dark blue) considerably improves the results
compared with the choice of a constant probability of transmission.

In Fig 6A, the results provided by the CT method are included; the CT method consists
of ranking individuals according to their number of interactions with detected individuals

PLOS ONE https://doi.org/10.1371/journal.pone.0320291 April 7, 2025 16/ 26

https://doi.org/10.1371/journal.pone.0320291.g004
https://doi.org/10.1371/journal.pone.0320291.g005
https://doi.org/10.1371/journal.pone.0320291


ID: pone.0320291 — 2025/4/7 — page 17 — #17

PLOS ONE Test allocation based on risk of infection from first and second order contact tracing

Fig 6. Effect of the transmission probability function on epidemic spread. Effect of the transmission probability
function on the spreading of the epidemic for the (A) 1○CT and (B) 2○CT methods. Each plot was generated with
T = 100, N = 50K, t0 = 12, N0 = 10, 𝜂 = 125, pm = 0.75, pS = 1, 𝛾 = 6, and for 2○CT with 𝜁 = 9.

https://doi.org/10.1371/journal.pone.0320291.g006

in the time-frame [t–𝛾 ∶ t]. It is important to highlight that the CT method differs from the
1○CT method with (p, 𝛼̂i

I), since in the CT method the dates of the negative test results are
not taken into account. Fig 6A shows that including the information on negative test results
has a positive effect on the mitigation of the epidemic.

Comparison with other ranking methods. To evaluate the efficiency of the proposed
1○CT and 2○CT methods to mitigate an epidemic, we compare them with three other ranking
strategies:

1. Random Selecting (RS): individuals not previously detected are ranked randomly.
2. Contact Tracing (CT): individuals not previously detected are ranked according to their

number of interactions with detected individuals in the time-frame [t–𝛾 ∶ t].
3. Mean-Field (MF): individuals not previously detected are ranked according to the

mean-field risk approximation presented in [2].

We fix the parameters 𝛾 = 6 and 𝜁 = 7, 8, 9 (indicated in the legend as 2○CT(7), 2○CT(8),
2○CT(9), respectively). The values for the parameters in MF strategy are 𝜌MF = 5 and tMF = 10.

The mean-field procedure depends on two parameters: (1) 𝜌MF, the mean time
elapsed between the time of infection and the time of detection and (2) tMF, a param-
eter called integration time on the MF method, meaning that given new observations,
the probabilities are updated in the interval [t– tMF ∶ t]. For the following simulations
we consider 𝜌MF = 5 and tMF = 10, as in [2]. In S2 appendix, we provide further details
about the main differences in the computation of the mean-field risk and the 2○ CT
risk.

We compare the five strategies in Fig 7, in which we display the number of infectious indi-
viduals in logarithmic scale through time across a broad range of values for the parameters.
In particular, we increase the number of daily available tests from the left panels to the right
ones, and we increase the proportion of daily detected mild symptomatic individuals from
top to bottom. As expected for all strategies, a higher value of pm and/or 𝜂 improves the mit-
igation of the epidemic in terms of the duration and the total number of infected individ-
uals. The simulations show that our proposed methods (1○CT and 2○CT) improve consid-
erably the results compared to the MF and the usual CT, which are all better than the RS
strategy. The latter does not mitigate the epidemic even with a high number of daily avail-
able tests and a high value of pm, while the MF and CT methods achieve the mitigation for
a large value of 𝜂. We also study the 2○CT method for different time-frames in which the
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Fig 7. Effect of 𝜂 and pm on epidemic spread. Effect of the parameters 𝜂 (the number of daily available tests, increasing from left to right) and pm (the proportion of
daily detected individuals with mild symptoms, increasing from top to bottom) on epidemic spread for the strategies 1○CT, 2○CT, CT, RS, and MF. In all simulations,
we consider T = 100, N = 50K, t0 = 12, N0 = 10, and pS = 1. The estimation of the infection time for the 1○CT and 2○CT strategies is given by 𝜏̂iI. We fix the parameters
𝛾 = 6 and 𝜁 = 7, 8, 9 (indicated in the legend as 2○CT(7), 2○CT(8), and 2○CT(9), respectively). The parameter values for the MF strategy are 𝜌MF = 5 and tMF = 10.

https://doi.org/10.1371/journal.pone.0320291.g007

1○contact can get infected, that is in [t– 𝜁 ∶ t], where we consider 𝜁 = 7 in green, 𝜁 = 8 in
orange and 𝜁 = 9 in yellow. Fig 7 shows that the results are improved as 𝜁 increases. In par-
ticular, it should be noticed that the 2○CT method with 𝜁 = 8 and 𝜁 = 9 gives better results
than the 1○CT method. However, the 1○CT method requires less individual information and
therefore it is better in terms of privacy restrictions. From these results, a trade-off can arise
between getting better results with computationally demanding (2○CT method) and pre-
serving individual privacy with simpler and faster computation. Indeed, it is worth men-
tioning that for a high enough number of daily available tests and/or a high enough propor-
tion of mild observed, the methods 1○CT and 2○CT have similar effects on the mitigation of
the epidemic; hence in this case, we recommend the use of the 1○CT method than the 2○CT
method.

Relaxing assumptions. To better align our model with real-world conditions, we relax
several key assumptions, including a fixed delay between symptom onset and testing, per-
fect tests, and complete quarantine adherence. Previously, we assumed diagnostic tests with
100% sensitivity and specificity. While this simplification allowed us to focus on the struc-
tural aspects of our model, it does not reflect real-world conditions where diagnostic tests
often have lower sensitivity and specificity. To address this, we have expanded our analysis
to consider the practical implications of realistic test performance. Specifically, we evaluate
how varying levels of sensitivity and specificity impact the effectiveness of our risk-based pri-
oritization strategy. Likewise, we assumed before that all individuals identified for isolation
or quarantine adhered fully to these measures. However, in real-world settings, not all indi-
viduals comply with quarantine recommendations. In this extended analysis, we relax this
assumption by introducing variability in quarantine adoption rates. Specifically, we simulate
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Fig 8. Effect of pm and ps on epidemic spread. Effect of the parameters pm (the daily detection probability of individuals with mild symptoms, decreasing from left
to right) and ps (the daily detection probability of individuals with severe symptoms, decreasing from top to bottom) on epidemic spread for the strategies 1○CT,
2○CT, CT, and RS. Each plot is generated from simulations using four seeds, with parameters T = 100, N = 50K, t0 = 12, N0 = 10, and 𝜂 = 400. The estimation of the
infection time for the 1○CT and 2○CT strategies is given by 𝜏̂iI. We fix the parameters 𝛾 = 6 and 𝜁 = 9.

https://doi.org/10.1371/journal.pone.0320291.g008

scenarios where only a fraction of identified individuals adopt quarantine, reflecting different
levels of public adherence.

Mean time to detection based on symptoms
Initially, the timing between symptom onset and testing was assumed to be fixed; here, we

model it explicitly using a geometric distribution to capture the variability in detection times.
This distribution reflects real-world scenarios in which testing time is influenced by factors
such as severity of symptoms, access to healthcare, and individual behavior. By incorporat-
ing this variability, we aim to better capture the stochastic nature of testing delays and their
impact on epidemic dynamics. More precisely, we introduce the following parameters,

• ps and pm correspond, for severe and mild individuals respectively, to the daily probabilities
of being tested after symptoms onset, which results in a mean delay of 1/ps and 1/pm days
between the first signs of the disease and the test.

To evaluate the impact of detection delays for individuals with mild (pm) and severe (ps)
symptoms, we conducted simulations (see Fig 8) in which these parameters were systemati-
cally varied. Based on the review provided by [35], the optimal window for conducting RT-
PCR testing is between the first and seventh days after symptom onset, with the highest pos-
itive result rate seen at a mean of 6.72 days. Accordingly, in our simulation we decreased pm
from 1/5 (left) to 1/8 (right) and we increased ps from 1/1.5 (top) to 1/3 (bottom) to observe
how variations in these parameters affect the performance of all the intervention strategies.

Our findings, displayed in Fig 8, indicate that increasing the mean time to detect indi-
viduals with mild and severe symptoms (i.e., decreasing ps and pm) significantly impacts all

PLOS ONE https://doi.org/10.1371/journal.pone.0320291 April 7, 2025 19/ 26

https://doi.org/10.1371/journal.pone.0320291.g008
https://doi.org/10.1371/journal.pone.0320291


ID: pone.0320291 — 2025/4/7 — page 20 — #20

PLOS ONE Test allocation based on risk of infection from first and second order contact tracing

strategies by extending the period of undetected transmission. This leads to more secondary
infections and a longer epidemic trajectory.

However, when the mean time to detection decreases (as ps and pm increase), the proposed
CT risk-based approaches demonstrate resilience in comparison with Random Selection and
the usual Contact Tracing. By varying ps and pm, our simulations reveal a strong relationship
between detection timeliness and epidemic control. Faster detection (higher ps and pm) sig-
nificantly enhances the effectiveness of all strategies. Despite increasing detection delays, the
2○CT method consistently demonstrates superior performance compared to alternative strate-
gies. Reducing the mean time to detection through improved testing accessibility and cover-
age is crucial. Faster identification and isolation amplify the benefits of risk-based strategies,
optimizing the use of limited resources.

These results emphasize the importance of early detection in controlling epidemic spread.
Our 1○CT and 2○CT approach remains robust under several detection timelines, but its effec-
tiveness is maximized when detection is prompt, aligning with the important role of efficient
public health interventions.

Sensitivity and specificity
Here we relax the assumption of perfect diagnostic tests by expanding our simulations to

realistic values for sensitivity and specificity, and we evaluate how this impacts our proposed
risk-based prioritization strategy.

As mentioned in [36–38], RT-PCR tests, which are considered the gold standard for the
diagnosis of COVID-19, have a clinical sensitivity around 90% and specificity approximately
95%. But the performance of COVID-19 tests is significantly influenced by the severity of
symptoms. Indeed, individuals with severe symptoms often have higher viral loads, leading
to greater sensitivity in both molecular and antigen tests. Conversely, those who are asymp-
tomatic tend to have lower viral loads, which reduces test sensitivity. For symptomatic indi-
viduals, RT-PCR tests demonstrate sensitivity near 100% and specificity of approximately
95.5%, while antigen tests show sensitivity around 96.4% and specificity close to 98.7% [37].
It is important to note, as highlighted in [37], that the sensitivity for symptomatic individuals
is 100% when tests are administered after symptoms onset.

To address this questions, we conducted simulations with more realistic test characteristics
(Fig 9). In our simulations, we modeled different scenarios based on the type of detection and
corresponding test characteristics:

• Testing after symptoms onset: for individuals tested due to symptoms, we considered
perfect sensitivity.

• Risk-based testing: For individuals detected through risk-based methods (most of them
asymptomatic at the time of testing), we used sensitivity of 90% and specificity of 95%.

Imperfect sensitivity introduces false negatives, enabling undetected infections to spread,
while imperfect specificity generates false positives, potentially misallocating limited testing
resources and leading to unnecessary quarantines. Reduced sensitivity slightly undermines
the efficiency of identifying and isolating infected individuals, especially when daily testing
capacity is constrained, see Fig 9.

Nonetheless, our simulations reveal that even under realistic test performance, the pro-
posed method of 2○ CT remains effective in mitigating epidemic spread. However, achieving
this level of mitigation requires increased resources, such as a higher number of daily tests
as compared to the same scenario with perfect tests. In contrast, 1○ CT struggles to achieve
similar mitigation outcomes under the same conditions.
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Fig 9. Effect of sensitivity and specificity on epidemic spread. Effect of sensitivity and specificity on epidemic spread for the strategies 1○CT, 2○CT, CT, and RS with
(A) 𝜂 = 450, (B) 𝜂 = 500, and (C) 𝜂 = 600. Each plot was generated from simulations using four seeds, with parameters T = 100, N = 50K, t0 = 12, N0 = 10, ps = 1, and
pm = 1/3. The estimation of the infection time for the 1○CT and 2○CT strategies is given by 𝜏̂iI. We fix the parameters 𝛾 = 6 and 𝜁 = 9.

https://doi.org/10.1371/journal.pone.0320291.g009

Fig 10. Effect of the quarantine adoption fraction q on epidemic spread. Effect of the parameter q (the fraction of individuals adopting quarantine), increasing
from left to right with (A) q = 0.9, (B) q = 0.95, and (C) q = 1, on epidemic spread for the strategies 1○CT, 2○CT, CT, and RS. Each plot was generated from simu-
lations using four seeds, with parameters T = 100, N = 50K, t0 = 12, N0 = 10, 𝜂 = 450, pm = 1/5, and ps = 1/3. The estimation of the infection time for the 1○CT and
2○CT strategies is given by 𝜏̂iI. We fix the parameters 𝛾 = 6 and 𝜁 = 9.

https://doi.org/10.1371/journal.pone.0320291.g010

As expected, realistic test performance slightly reduces the efficiency of our risk-based
strategy, but does not compromise its relative advantage over alternative methods such as tra-
ditional contact tracing methods and random selection. In settings with limited testing capac-
ity and imperfect diagnostics, the ability to prioritize based on risk might help compensating
for the challenges posed by a reduced sensitivity and specificity.

Quarantine adoption fraction
To evaluate the effect of varying quarantine adoption rates, we introduce a parameter q

corresponding to the probability for each individual to adhere to the quarantine recommen-
dations when receiving a positive test result. By varying the values of q in our simulations, we
explored how changes in the quarantine adoption rate impact the effectiveness of different
intervention strategies, particularly our 2○CT risk approach.

Our findings, illustrated in Fig 10, show that reducing quarantine adoption rates signif-
icantly affects the performance of all strategies. However, the 2○CT risk-based approach
demonstrates remarkable resilience when q remains greater than 0.95. Under these condi-
tions, our method continues to outperform naive approaches by prioritizing high-risk indi-
viduals for testing and isolation, effectively mitigating epidemic spread despite partial quaran-
tine adoption.

As q decreases below 0.95, the overall effectiveness of all strategies diminishes, highlight-
ing the critical role of public adherence to quarantine measures. Lower adoption rates exacer-
bate the spread of infection, even when 1○CT and 2○CT ranking methods are employed.

PLOS ONE https://doi.org/10.1371/journal.pone.0320291 April 7, 2025 21/ 26

https://doi.org/10.1371/journal.pone.0320291.g009
https://doi.org/10.1371/journal.pone.0320291.g010
https://doi.org/10.1371/journal.pone.0320291


ID: pone.0320291 — 2025/4/7 — page 22 — #22

PLOS ONE Test allocation based on risk of infection from first and second order contact tracing

These results underscore the necessity of both strategic prioritization and high levels of
public cooperation to achieve meaningful epidemic control. The incorporation of variable
quarantine adoption rates into our simulations provides a realistic assessment of the chal-
lenges and opportunities associated with public health interventions in real-world scenarios.

Role of super-spreaders. Super-spreaders, who infect a disproportionately high num-
ber of secondary cases, play a critical role in epidemic dynamics, see [39,40]. Below, we dis-
cuss how this phenomenon is considered in our model and provide evidence based on our
simulations.

Our method indirectly accounts for super-spreaders by leveraging recent detections of
infected individuals and promptly isolating them to decrease their number of contacts within
the network structure. Specifically, the risk-based prioritization ranks individuals not only by
direct connections to detected cases but also through indirect (up to two-step) transmission
pathways. This approach naturally assigns higher priority to highly connected individuals,
which are potential super-spreaders.

To evaluate the efficiency of the proposed 1○CT and 2○CT methods in identifying and mit-
igating the impact of super-spreaders, we compare them with other ranking strategies RS and
CT, see Fig 11.

We conducted simulations comparing these methods to quantify their ability to address
super-spreader dynamics.

• Frequency of secondary infections (Fig 11A):
We plotted the frequency of the number of infections caused by each infected individual

(spreader) across four different seeds, using a logarithmic scale. Results demonstrate that
our methods, particularly 2○CT, consistently identified and isolated super-spreaders earlier
enough, leading to a significantly lower number of secondary cases as compared to the CT
and RS approaches. In contrast, the CT and RS methods allowed super-spreaders to infect
more individuals before being isolated, showcasing their relative inefficiency in mitigating
the epidemic’s spread.

• Effective reproduction number (Fig 11B):
We plotted the effective reproduction number (Reffective), that is the average number of

individuals infected by active infectors at each time step t. This quantity plays a crucial role
in understanding the influence of super-spreaders on epidemic dynamics. When super-
spreaders are active, Reffective tends to be higher due to their ability to amplify the spread of

Fig 11. Effect of super-spreaders on ranking methods. Effect of super-spreaders on the ranking methods 1○CT, 2○CT, CT, and RS based on (A) the frequency of
secondary infections caused by index cases, (B) the effective reproduction number over time (Reffective), and (C) the number of infectious individuals over time.
Each plot was generated from simulations using four seeds, with parameters T = 100, N = 50K, t0 = 12, N0 = 10, 𝜂 = 500, pm = 1/3, ps = 1, q = 1, sensitivity = 0.9, and
specificity = 0.95. The estimation of the infection time for the 1○CT and 2○CT strategies is given by 𝜏̂iI. Parameters 𝛾 = 6 and 𝜁 = 9 are fixed across all simulations.

https://doi.org/10.1371/journal.pone.0320291.g011
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infection through their extensive contact networks. If super-spreader events are not identi-
fied and mitigated, Reffective may remain above the critical threshold of 1, allowing the epi-
demic to grow exponentially. Effective interventions, such as the proposed prioritization of
high-risk individuals, can reduce the impact of super-spreaders by quickly isolating them
and breaking chains of transmission.

• Number of infectious individuals over time (Fig 11C):
The number of infectious individuals is plotted over time, also on a logarithmic scale, for

the same simulations corresponding to the two previous panels. As expected, better detec-
tion of individuals at increased risk of transmission allows more efficient mitigation of the
epidemic.

Discussion
In this paper, we have introduced a method for the computation of the probability of infec-
tion of individuals in interaction, based on forward contact tracing, that considers at risk not
only the direct contacts of detected individuals but also their subsequent contacts. We have
called our method second-degree contact tracing (2○CT). The proposed method consists of
estimating the individual infection risk by considering all possible chains of transmission up
to second-degree contacts, coming from index cases. We propose a mitigation strategy that
involves using the risk approximation to rank individuals and allocate the limited number
of daily available tests accordingly. We have evaluated interventions based on our risk rank-
ing through simulations of a fairly realistic agent-based model calibrated for COVID-19 epi-
demic outbreak (the Oxford OpenABM-Covid19 model). We have considered different sce-
narios to study the role of key quantities such as the number of daily available tests, the con-
tact tracing time-window, the transmission probability per contact (constant versus depend-
ing on multiple factors), and the age since infection (for varying infectiousness). We found
that, when there is a limited number of daily tests available, our method is capable of miti-
gating the propagation more efficiently than random selection, than the usual contact tracing
(ranking according to the number of contacts with detected individuals), and than some other
approaches in the recent literature on the subject. Additionally, our risk computation method
can be easily adapted to the mitigation of other transmissible diseases spreading on contact
networks.

One of the main difficulties in many forward contact tracing approaches for transmission
diseases such as COVID-19, is to know the time of infection of the detected individuals. This
quantity is in general not observed since in most cases individuals ignore from whom and
when they got infected. However, inferring the time of infection is necessary for at least two
reasons: (1) to know from which date the contacts of the detected individual should be traced,
(2) to accurately assess the risk of infection in the case of varying transmissibility during
the course of the disease. Given these arguments, we have considered age-dependent infec-
tiousness, meaning that the probability of transmission from a source i depends on the time
since infection of i. Moreover, we have proposed an efficient estimation of the time of infec-
tion for detected individuals, which is more accurate than considering a constant infection
time, as it is often proposed in the literature. The results show how this estimation improves
the contact tracing method in terms of the number of infectious individuals through time.
Indeed, it allows to achieve in some cases almost as good results as considering the real date
of infection.

Our 2○CT method encompasses the first degree contact tracing method, called here 1○CT
method. We have found that with a limited number of available tests, the 2○CT method is
more effective in the mitigation of an epidemic than the 1○CT method. However, with a
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large enough number of available daily tests, both 1○CT and 2○CT methods provide sim-
ilar results; in this case, we recommend the use of the 1○CT method because of a simpler
and faster computation and better preserving individual privacy. Besides our results show
that the proposed 1○CT and 2○CT methods can be very effective compared with the usual
contact tracing, the mean-field risk approximation or the random selection of individuals
to test.

By integrating test performance into our simulations and analyses, we strengthen the
practical relevance of our method, which is designed to work with real-world constraints
such as limited resources, imperfect diagnostics, and partial data. This makes it a robust
decision-making tool for epidemic mitigation, even under non-ideal conditions. Future
work could explore efficient approximations or scalable computational techniques to inte-
grate test characteristics without incurring prohibitive complexity. Such advancements would
enhance the precision of the risk-based method while preserving its practicality for real-world
applications.

Despite its advantages, our intervention method has some limitations. Firstly, our risk
estimation formula assumes perfect tests. Future work could explore the explicit calculation
of the risk, or its efficient approximation, to integrate realistic test sensitivity and specificity.
Increasing the population size beyond 50k, up to 100k as in [6], or to 500k as in [2], would be
another direction for future work. Another assumption that we intend to include in a forth-
coming version of our model is the uncertainty in the list of contacts of the traced individuals,
and it would be of interest to study how this impacts the efficacy of the intervention. Like-
wise, the proposed model is primarily designed for the early stages of an epidemic, when the
testing capacity is limited and vaccines are unavailable. Incorporating vaccination status in
future extensions could enhance the model’s applicability across various stages of an epidemic,
broadening its utility in real-world scenarios. Finally, since several models exists, integrating
our risk assessment with other risk approaches could enhance the predictive accuracy of the
results, reduce uncertainty in prioritization decisions, and enable more targeted interventions
tailored to specific regions, epidemic dynamics, or populations.
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