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Résumé. Face à une quantité limitée des ressources disponibles, les stratégies visant
à atténuer la propagation d’une épidémie, telles que les tests aléatoires et la recherche des
contacts, deviennent inefficaces. Nous proposons ici d’allouer les ressources de manière plus
efficace, en calculant le risque individuel d’infection au cours du temps, basé sur l’observation
partielle de la propagation de l’épidémie sur un réseau de contacts ; ce risque est défini comme
la probabilité d’être infecté par n’importe quelle châıne de transmission possible jusqu’à une
longueur de deux, provenant d’individus récemment détectés. Pour évaluer les performances
de notre méthode et les effets de certains paramètres clés, nous effectuons des expériences
comparatives simulées en utilisant des données générées par un modèle basé sur des agents.

Mots-clés. réseaux de contacts, recherche des contacts, atténuation des épidémies, prob-
abilité d’infection, estimation des risques, attribution des tests

Abstract. Under limited available resources, strategies for mitigating the propagation of
an epidemic such as random testing and contact tracing become inefficient. Here, we propose
to accurately allocate the resources by computing over time an individual risk of infection
based on the partial observation of the epidemic spreading on a contact network; this risk
is defined as the probability of getting infected from any possible transmission chain up to
length two, originating from recently detected individuals. To evaluate the performance of
our method and the effects of some key parameters, we carry out comparative simulated
experiments using data generated by an agent-based model.

Keywords. contact networks, contact tracing, epidemic mitigation, probability of infec-
tion, risk estimation, test allocation

Introduction

In this work, 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
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to allocate the available resources more rationally than just randomly. Similar intervention
approaches have been shown to have a positive impact on the mitigation of epidemics, see
for instance Baker et al. (2021); Herbrich et al. (2022); Batlle et al. (2022); Romijnders et al.
(2023); Guttal et al. (2020); Bestvina and Thornton (2021); Murphy et al. (2021); Gupta
et al. (2023); Bengio et al. (2021); Sattler et al. (2020); Alsdurf et al. (2020).

Among this recent research with the same aim as ours, in Bestvina and Thornton (2021)
and Batlle et al. (2022), the risk is computed using Monte Carlo methods. In Bestvina and
Thornton (2021), the authors estimate the individual infection probability up to 3◦ contact
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 probabilities
taking into account up to 2◦ contacts, and hence avoiding the large computing power and the
centralised information required by Monte Carlo methods. Other works such as Baker et al.
(2021) and Guttal et al. (2020) avoid the use of Monte Carlo methods by using the mean-
field approximation to evaluate 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 observations. 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 transmitted risk. Despite the similarities in the use of the MF hypothesis,
it should be noticed that in Guttal et al. (2020) the network and propagation model are
simpler than in Baker et al. (2021). The latter deals with more realistic models, including
the OpenABM-Covid19 model used in our simulations. Moreover, in Baker et al. (2021)
a second method is developed, that estimates the individual infection risk as the posterior
distribution conditional on the test observations through the Belief Propagation inference
algorithms. Similar computations are achieved in Herbrich et al. (2022) and Romijnders
et al. (2023) using Gibbs Sampling and Factorized Neighbors respectively. Another related
methodology is presented in a series of works Bengio et al. (2021); Gupta et al. (2023);
Alsdurf et al. (2020); Biazzo et al. (2022); Shah et al. (2020); Čutura et al. (2021); Tomy
et al. (2022); Tan et al. (2023), where the authors achieve the risk computation using deep
learning algorithms based on neural networks.

We propose and simulate the following mitigation strategy: every day the probability
of being infected is computed for the individuals at risk, and a fixed number (η, number
of daily available tests) 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.

We briefly describe our approach in Section 1 and we present some results in Section 2.

1 Methods

To be more precise about our approach, we suppose that the infectious statuses of individuals
are (partially) observed through testing, as well as the underlying contact network. Actually,
we consider at risk not only the first-degree contacts of detected individuals (1◦ contacts)
but also their subsequent contacts (2◦ contacts). In the sequel, to distinguish the different
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groups of individuals under consideration, we call index cases the detected individuals who
are infectious, 1◦ contacts the individuals who are not detected but interacted with index
cases while the latter 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. Then, we compute the probability for
each individual at risk of having been infected by one of the index cases in the previous days
(fixed time window), through chains of transmission of length one or two.

Infectious disease spreading on the network

We consider a population consisting of N (N ∈ N) individuals that stays constant over
time. At any discrete time t (t ∈ N), the social structure (interactions between individuals
at t) is represented by an undirected graph Gt = (V , Et), corresponding to the set of vertices
V (the individuals) and the set of the edges Et (the interactions at time t between the
corresponding individuals). 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 X i

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

Observations

At a given time t ≥ 0, the set of observations Ot is provided by the graph of interactions
during the recent days and the set of individuals with a positive and a negative result.

Risk of infection via transmission chains

For any time t and any individual j at risk, our aim is to estimate the probability of infection
of j given the set of observations Ot, that is

P
(
Xj

t = I
∣∣ Ot

)
(1)

In order to compute this probability we propose two approaches based on two different
degrees of interactions. 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◦ interactions, while the second proposes a more accurate risk of infection, defined
from both 1◦ and 2◦ interactions.

We illustrate, using the toy example in Figure 1, the fundamental differences between
1◦CT and 2◦CT method. The Figure shows the interactions between 3 individuals during 4
days. At day 4, individual a is tested positive and then their contacts in the past are traced
and ranked. For 1◦CT is considered only individual b at risk, while 2◦CT considers both
individuals b and c.

We introduce a truncation parameter γ ∈ N corresponding to the infection time-frame
of interest. More precisely, for any individual not tested positive, we are interested in the
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(b) t = 2
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(c) t = 3

a b c

(d) t = 4

Figure 1: Temporal interaction networks in a population of N = 3. Individual a is detected
at day t = 4.

approximate probability of being infected in the interval [t−γ : t] given the set of observations
at time t. For 2◦CT method, we also introduce the parameter ζ (ζ ≥ γ) as the time-frame for
the infection date of the 1◦contacts, 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].

2 Simulation results

The simulation starts at time t = 0. 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 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 strategy 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. 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. 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. The intervention
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.

To test our proposed method on a proper data set, we generate the data using the
OpenABM-Covid19 model introduced by Hinch et al. (2021).

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 each thin line represents the result
obtained for the realisation associated with one seed, while the thick lines correspond to the
average of all the realisations.

To evaluate the efficiency of the proposed 1◦CT and 2◦CT methods to mitigate an epi-
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demic, we compare them with three other ranking strategies: Random Selecting (RS, individ-
uals are ranked randomly), Contact Tracing (CT, individuals are ranked according to their
number of interactions with detected individuals in the time-frame [t − γ : t]) and Mean-
Field (MF, individuals are ranked according to the mean-field risk approximation presented
in Baker et al. (2021)).

(a) η = 125, pm = 0.5 (b) η = 250, pm = 0.5 (c) η = 400, pm = 0.5

(d) η = 125, pm = 0.75 (e) η = 250, pm = 0.75 (f) η = 400, pm = 0.75

Figure 2: 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 the epidemic spreading 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. 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.

We compare the five strategies in Figure 2, in which we display the number of infectious
individuals in logarithmic scale through time across a broad range of values for the parame-
ters. 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 mitigation of the epidemic in terms of the duration and the total number of infected
individuals. The simulations show that our proposed methods (1◦CT and 2◦CT) improve
considerably 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 available 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 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. Figure 2 shows that the results are improved
as ζ increases. In particular, 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
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results, a trade-off can arise between getting better results with computationally demanding
(2◦CT method) and preserving individual privacy with simpler and faster computation. In-
deed, it is worth mentioning that for a high enough number of daily available tests and/or a
high enough proportion 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.

Conclusions

A crucial aspect of our work is that we consider a rather realistic contact network and a
detailed disease spread model, see Hinch et al. (2021). Another significant aspect is that
we consider 2◦ contact tracing, providing a more accurate estimation of the risk compared
with the 1◦ contact tracing. Although our approach can be extended to 3◦ contacts and
beyond, the calculations would get much heavier, and we argue that the gain in the effec-
tiveness of the mitigation would not be significant, due to the uncertainty on the statuses
of the intermediate individuals 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 centralised setup
(contacts and individual information) is required. These characteristics are essential for the
practical implementation using digital contact tracing applications, where the interchange
of information between contacts over the whole network could be difficult due to a huge
amount of personal data impacted by privacy restrictions. These difficulties can be inten-
sified in the centralised case, see Romijnders et al. (2023). Furthermore, compared to the
previously inference algorithms in the literature used to calculate the individual risk of being
infected (Belief Propagation, Gibbs Sampling and Factorized Neighbors), 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 Romijnders et al.
(2023).

Further information

The repository with the code is available in https://github.com/gbayolo26/risk estimation.
The presentation will be based on the recent submitted paper Bayolo Soler et al. (2023).
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