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 A B S T R A C T

Contact tracing, early diagnosis, and social distancing are crucial to contain outbreaks of 
infectious diseases, especially in the presence of asymptomatic infectives. Therefore, identifying 
the individuals at the highest risk of infectious disease and prioritizing them for testing is 
necessary to ensure both the public health and the cost-effectiveness of screening strategies. 
In this paper, we present an efficient quantitative approach to predict the spread of infectious 
diseases within a cluster by exploiting a stochastic model of disease evolution in an individual 
alongside observations of contacts, symptoms, and results of diagnostic tests. Specifically, we 
present an iterative solution technique to estimate the probability that a subject is infectious 
and not isolated over time given the observations acquired up to that time, achieving compu-
tational efficiency by disregarding dependencies among observations. We generated multiple 
synthetic data sets of observations, featuring different social network topologies, numbers of 
individuals, and densities of internal contacts, while accounting for noisy, erroneous, and 
missing observations. For each data set, we performed extensive experiments by varying the 
stochastic parameters of our approach from those used to derive a ground truth by performing 
stochastic simulation. Experimental results demonstrate that our approach effectively ranks 
subjects according to their probability of being infectious and not isolated, achieving high 
accuracy with respect to the ground truth. Notably, our approach outperforms an alternative 
baseline that accounts for dependencies among observations while maintaining a comparable 
runtime.

. Introduction

.1. Motivation

In infectious disease pandemics, a variety of protective measures have been implemented to curtail outbreaks of infection [1–3], 
otably including contact tracing, early diagnosis, and social distancing. In particular, identifying the individuals at the highest 
isk of infectious disease, and thus needing to be tested first during screening programs, significantly helps to improve the cost-
ffectiveness of testing [4,5]. To this end, quantitative evaluation of stochastic models of the spread of infectious diseases within 
roups of individuals can effectively support early assessment of protective measures and runtime adaptation to changes in behaviors 
f individuals [6].
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1.2. Related works

The literature on epidemiological studies has widely investigated the spread of infectious diseases for different purposes such 
as disease containment and outbreak reconstruction [7]. A vast body of approaches leverages observational data, spanning from 
the molecular to the social level, and a variety of computational tools, including time-series forecasting [8], compartmental 
models [9,10], network-based and agent-based models [11], and Bayesian inference frameworks [12].

Time-series models have been used for epidemic prediction mainly after the COVID-19 emergence [8], accompanied by a 
significant adoption of Machine Learning (ML) and Deep Learning (DL) methods. Neural approaches are presented in [13], where 
traditional multilayer perceptrons are employed, and in [14], which exploits classic Long Short-Term Memory (LSTM) networks. 
Univariate and multivariate approaches are compared in [15] for infectious disease outbreak, whereas convolutional architectures 
and a combination of recurrent networks with ARIMA-based models are used in the study presented in [16]. While excellent for 
prediction in the short to medium term, time-series forecasting methods largely lack structural explainability [17].

Compartmental models partition the investigated population into groups corresponding to epidemiological states (compartments) 
and typically characterize their evolution through ordinary differential equations [9,10]. The authors of Pernice et al. [18] extend 
the Susceptible-Exposed-Infected-Removed-Susceptible (SEIRS) model to capture the population age structure, and they perform 
macro-scale stochastic simulation to investigate different scenarios of COVID-19 diffusion in the Piedmont region. Authors in [19] 
present a comprehensive framework for scaling models from localized epidemics to global pandemics. They emphasize the challenges 
of multi-scale modeling, where local transmission processes must be integrated into global models that account for inter-region 
travel and varying public health responses. The paper discusses various computational tools, including hybrid models that blend 
deterministic and stochastic approaches, to capture the complexity of pandemic spread. The applicability of their model extends 
beyond infectious diseases, providing a framework for global risk assessments. The authors of Eslahchi and Movahedi [20] present 
an analytical approach to calculate the transition probabilities in a birth–death process within a Markov epidemic model, showing 
how fluctuations in the rates of infection and recovery can impact the overall dynamics of an epidemic. Colored Hybrid Petri 
Nets (CHPNs) are applied in [21] as a flexible modeling approach for multi-scale biological networks, including infectious disease 
transmission, supporting the analysis of multi-phase epidemic dynamics. Similarly, Colored Stochastic Petri Nets (CSPNs) are used 
in [22] for modeling the spread of directly transmitted infectious diseases, representing heterogeneity within the population, such 
as varying susceptibility or recovery rates, by assigning different colors to individuals. While highly interpretable and great for 
exploring general public health interventions, compartmental models struggle to represent individual heterogeneity and spatial 
dynamics [23].

Network-based models represent interactions among individuals explicitly and evaluate how the structure of social contacts 
(whether random, scale-free, or small-world networks) affects transmission patterns, emphasizing the importance of heterogeneous 
contact structures in epidemic modeling [11]. Network theory in infectious diseases is exploited in [24], focusing on the structure 
of contact networks and how varying degrees of connectivity, assortativity, and clustering influence disease transmission, providing 
insights into how different network topologies affect both epidemic size and the effectiveness of control measures. The approach 
of Bodlaj and Batagelj [25] models complex contagions where the probability of adopting a behavior or contracting an infection 
depends on multiple exposures rather than a single contact, capturing the effects of strong intra-group connections and weaker 
inter-group ties on contagion dynamics, and showing that clustering can significantly slow the spread of infections compared 
to random networks while dense clustering can lead to rapid outbreaks and hotspots of transmission. The impact of recurrent 
human mobility patterns on the spread of infectious diseases is explored in [26] using a statistical mechanics approach, modeling 
how frequent movements between communities can accelerate transmission rates and complicate containment efforts, and thus 
stressing the importance of incorporating mobility data into epidemic models to accurately predict outbreak trajectories and inform 
intervention strategies. The Covasim (COVID-19 Agent-based Simulator) framework [27] is an example of agent-based simulator 
that is designed to integrate a heterogeneous set of variables, including demographic information as well as clinical data, with 
interventions such as physical distancing, vaccinations, and protective equipment. A similar methodology had previously been 
applied to different diseases, such as the FluTE simulation model for influenza [28]. Overall, network-based and agent-based models 
are highly realistic and excellent for simulating epidemic scenarios, while being computationally intensive and requiring granular 
observational data [11,29].

Bayesian analysis is used in [30] for online prediction of epidemics in structured populations, assuming that parts of the 
epidemic process are unobserved. In [31], Bayesian inference of infectious disease transmission is performed by exploiting genomic 
data, using both synthetic and real-world data sets for experiments. The approach is extended in [32], supporting simultaneous 
estimation of transmission trees and phylogenies. Contact, genomic, and symptoms data are exploited in [33] for Bayesian inference 
of transmission trees, showing that contact data significantly improve the reconstruction of transmission trees, even under realistic 
limitations on the coverage of contact tracing and the amount of non-infectious mixing between cases. Bayesian inference schemes 
have also been applied in combination with both genetic and epidemiological data related to Foot-and-Mouth Disease Virus, 
with the aim to reconstruct most likely transmission patterns and infection dates [34]. Despite the advantages of building on the 
powerful tools of statistical inference and of easily integrating heterogeneous sets of variables, Bayesian approaches suffer from a 
computational perspective as the network of individuals grows. They also need to make strong assumptions on the prior distribution 
of the model parameters.

To overcome the trade-offs of traditional modeling, hybrid approaches have emerged to bridge the gap between macro-level 
compartmental frameworks and micro-level agent-based simulations. For instance, in [35], a unified modeling and simulation 
framework is presented to study epidemiological systems from both microscopic and macroscopic perspectives, leveraging Extended 
Stochastic Symmetric Nets (ESSNs) for high-level modeling, Stochastic Simulation Algorithms (SSAs) to perform macro-scale 
simulation, and translation of ESSNs into Agent-Based Models (ABMs) to perform micro-scale simulation.
2 
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1.3. Contribution

In this paper, we present an efficient analytical method to estimate the probability that an individual in a cluster is infectious 
and not isolated over time given the observations taken within that time, concerning contacts (with individuals inside or outside the 
cluster), symptoms, and results of diagnostic tests. To this end, we develop an iterative approach that disregards dependencies among 
observations, estimating at each iteration 𝑛 the probability that a subject is infectious and not isolated over time due to an infection 
sequence consisting of one effective external contact followed by up to 𝑛 effective internal contacts. We generated multiple synthetic 
data sets of observations, varying the number of individuals, the topology of the network of social contacts, and the density of the 
internal contacts, while accounting for noisy, erroneous, and missing observations. For each data set, we performed thousands of 
experiments by varying the stochastic parameters of our approach from those used to derive a ground truth by performing stochastic 
simulation. Experimental results show that a few iterations are sufficient for our approach to accurately rank the subjects according 
to their probability of being infectious and not isolated over time. Notably, our approach achieves high accuracy with respect to 
the ground truth and outperforms an alternative baseline that accounts for dependencies among observations while maintaining a 
comparable runtime.

We implemented our approach in the CHITA Java library, available open source under the AGPLv3 licence at https://doi.org/10.
5281/zenodo.21559792, supporting replication of the experimental results reported in this paper. In particular, CHITA leverages the 
SIRIO library [36] of the ORIS tool [37] to perform transient analysis of the stochastic model of infection evolution in an individual.

The rest of the paper is organized in four sections. First, we formulate the addressed problem (Section 2) and then present our 
iterative solution method (Section 3). Then, we illustrate our experimental setup and we present the achieved results (Sections 4 and
5). Finally, we draw our conclusions (Section 6). Implementation details on the derivation of a ground truth by stochastic simulation 
are reported in the Appendix.

2. Problem statement

In this section, we define the metamodel of an infection chain (Section 2.1) and we illustrate the Stochastic Time Petri Net 
(STPN) model of the infection evolution starting from an effective contact among subjects (Section 2.2).

2.1. Metamodel of an infection chain

Fig.  1 illustrates the metamodel of the infection chain of a disease (class Disease), which is characterized by a probability 
of developing symptoms and by the probability distribution of: the time from infection to infectiousness, also known as latent 
period; the time from infection to the onset of symptoms, also know as incubation period; the time from infectiousness to healing for 
asymptomatic subjects, also known as infection duration; the time from symptoms onset to isolation, also known as onset-to-isolation 
duration; and the time from a positive test to isolation, also known as notification-to-isolation delay. We consider a set of subjects (class
Subject) who may contract the disease, each belonging to a cluster (class Cluster). Observations (class Observation) are 
taken on behaviors of subjects, each observation consisting of a timestamp and an observation type (class ObservationType). In 
turn, an observation type can be the result of a diagnostic test (class Test), or the annotation of symptoms (class Symptom), or the 
indication of a contact with other subjects (class Contact). A contact is characterized by a risk factor (attribute risk), intended as 
the probability of how close the contact is (for each contact, we consider the maximum risk among those annotated by each subject 
involved in the contact). A contact can be an internal contact among two or more subjects of the cluster (class InternalContact) 
or an external contact between a subject of the cluster and a subject outside the cluster (class ExternalContact).

Fig. 1. Metamodel of the infection chain of a disease.
3 
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We are interested in computing the likelihood that each subject of a cluster is infectious and not isolated over time given the 
observations up to that time. These quantitative measures can be used to select the subjects to be tested so as to contain the epidemic. 
Therefore, the likelihood value of each subject is relevant comparatively to the likelihood values of the other subjects within the 
cluster, rather than absolutely.

2.2. STPN model of infection evolution from infection to isolation or recovery

Fig.  2(a) shows the STPN model of the evolution of an infection until recovery or isolation. STPNs [38] model concurrent timed 
systems with stochastic temporal parameters and discrete probabilistic choices. Specifically, immediate (IMM) transitions (depicted 
as thin bars, e.g., transition effectiveContact) model events occurring in zero time; general (GEN) transitions (depicted as thick 
bars, e.g., transition infectiousness) represent activities with stochastic duration, characterized by an absolutely continuous 
Cumulative Distribution Function (CDF), with corresponding Probability Density Function (PDF); tokens within places (depicted 
as dots within circles, respectively, e.g., one token within place EffectiveContact) represent the discrete logical state of the 
system; and, directed arcs (depicted as directed arrows) from input places to transitions (e.g., from place EffectiveContact
to transition effectiveContact) and from transitions to output places (e.g., from transition effectiveContact to places
Infected and Symptomatology) model preconditions and postconditions, respectively. A marking assigns tokens to places 
(e.g., the initial marking assigns one token to place EffectiveContact). A transition is enabled by a marking if each of its input 
places contains at least one token (e.g., transition effectiveContact is enabled in the initial marking).

In Fig.  2(a), the IMM transition effectiveContact models the infection and fires in zero time, removing the token from
EffectiveContact and adding one token to Symptomatology and one token to Infected.

• A token in Symptomatology enables the IMM transitions symptoms and noSymptoms, modeling symptomatic and 
asymptomatic progression, respectively. They fire instantaneously with probability 𝑠 and 1− 𝑠, respectively, representing their 
respective weights. The firing of symptoms moves the token from Symptomatology to DevelopingSymptoms, enabling 
the GEN transition symptomsOnset modeling the duration from infection to symptoms onset. When the time-to-fire sampled 
from its CDF has elapsed, symptomsOnset fires, moving the token from DevelopingSymptoms to Symptomatic, 
and enabling the GEN transition isolating which models the time from symptoms onset to isolation. Once the sampled 
time-to-fire has elapsed, isolating fires, moving the token from Symptomatic to Isolated.
Conversely, the firing of noSymptoms moves the token from Symptomatology to Asymptomatic.

• A token in Infected enables the GEN transition infectiousness which models the duration from infection to in-
fectiousness. Once the sampled time-to-fire has elapsed, infectiousness fires, moving the token from Infected to
Infectious, and enabling the GEN transition healing which models the duration from infectiousness to recovery for 
asymptomatic subjects. Once the sampled time-to-fire has elapsed, healing fires, removing the tokens from Infectious
and Asymptomatic and adding one token to Healed.

Note that the sequence of transitions infectiousness and healing is concurrent with the sequence of transitions symptom-
sOnset and isolating. According to this, at the initial time, infectiousness and symptomsOnset can be concurrently 
enabled, and the one that samples the shorter duration fires first, thus accounting for possible presymptomatic transmission. 
Moreover, an asymptomatic infected subject may infect others until healed; conversely, a symptomatic infected subject cannot 
infect others once isolated (to simplify presentation, the model does not represent the duration from infectiousness to healing for 
symptomatic subjects, which is typically significantly much larger than the duration from symptomaticity to isolation).

Fig. 2. (a) STPN model of disease evolution. (b) Probability 𝑢(𝑡) that a subject is infectious and not isolated at time 𝑡 given an effective contact 
at time 0, assuming the lower-, mid-, and upper-case values in Tables  1 and 2 for the STPN parameters.
4 
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Given that the STPN model does not account for observations (e.g., the positive result of a test leading an asymptomatic infected 
subject to isolation), the probability 𝑢(𝑡) that a subject is infectious and not isolated at time 𝑡 given an effective contact at time 0 
can be derived by performing forward transient analysis [39] and computing the transient probability that place Infectious
contains one token and place Isolated contains no tokens, e.g., Fig.  2(b) shows 𝑢(𝑡) assuming that each stochastic parameter 
takes its lower-, mid-, and upper-case value in Tables  1 and 2. Note that we consider a time horizon during which each subject 
can be infected only once; thus, the duration of isolation is not modeled in the STPN, as a subject has no further contacts during 
isolation and is no longer infectious by the end of the isolation period.

3. Problem formulation and evaluation

In this section, we derive the likelihood that a subject is infectious not isolated over time given a sequence of observations 
(Section 3.1) and we characterize the complexity of the derivation (Section 3.2).

3.1. Likelihood of infectiousness given the observations

We consider a sequence of observations 𝜔(𝑡) ∶= ⟨𝜔1,… , 𝜔𝑚⟩ taken within the time interval [0, 𝑡], where each observation 
𝜔𝑖 = ⟨𝜖𝑖, 𝑡𝑖⟩ with 𝑖 ∈ {1,… , 𝑚} consists of an event 𝜖𝑖 and a timestamp 𝑡𝑖 such that 𝑡1 ⩽ 𝑡2 ⩽ ⋯ ⩽ 𝑡𝑚 ⩽ 𝑡. For a subject 𝑠, we 
define the likelihood 𝐿(𝑠; 𝑡;𝜔(𝑡)) as the approximate probability 𝑃 (𝑠; 𝑡;𝜔(𝑡)) that subject 𝑠 is infectious not isolated at time 𝑡 given the 
observation sequence 𝜔(𝑡): 

𝐿(𝑠; 𝑡;𝜔(𝑡)) ∶= 𝑃 (𝑠; 𝑡;𝜔(𝑡)) ∶= 𝑃 {𝑠 is infectious not isolated at 𝑡 ∣ 𝜔(𝑡)}. (1)

Specifically, we introduce the following five sources of approximation in the evaluation of 𝑃 (𝑠, 𝑡, 𝜔(𝑡)):

• (A1) We disregard dependencies among observations (i.e., we consider observations independent of each other), thus 
estimating the probability of an observation sequence 𝜔(𝑡) ∶= ⟨𝜔1,… , 𝜔𝑚⟩ as the product of the probabilities of the individual 
observations 𝜔1,… , 𝜔𝑚, i.e., 𝑃 {𝜔(𝑡)} =

∏𝑚
𝑖=1 𝑃 {𝜔𝑖}.

• (A2) In the evaluation of the probability that a contact of subject 𝑠 is effective given an observation sequence, we disregard 
the conditioning on observations taken on subjects other than 𝑠 and on observations of contacts of subject 𝑠 (i.e., we do not 
consider the conditioning on these observations).

• (A3) If subject 𝑠 has had an effective contact 𝛾 at time 𝜏 ⩽ 𝑡 and the observation sequence 𝜔(𝑡) does not include the annotation 
of a positive test of 𝑠, we disregard the number 𝜄 of internal contacts of the infection sequence that infected 𝑠 and the 
conditioning on 𝜔(𝑡), estimating the probability that 𝑠 is infectious not isolated at time 𝑡 and 𝜄 ⩽ 𝑛 given the effective contact 
𝛾 at time 𝜏 and given 𝜔(𝑡) as the probability that 𝑠 is infectious not isolated at time 𝑡 given the effective contact 𝛾 at time 𝜏, 
i.e., 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 |𝛾 at 𝜏 ∧ 𝜔(𝑡)} = 𝑃 {𝑠 is infectious not isolated at 𝑡 ∣ 𝛾 at 𝜏}.
Conversely, if subject 𝑠 has had an effective contact 𝛾 at time 𝜏 ⩽ 𝑡 and the observation sequence 𝜔(𝑡) includes the annotation 
of a positive test of 𝑠 at time 𝑡′ ⩽ 𝑡, we disregard 𝜄, the infectiousness state of 𝑠 and the conditioning on 𝛾 and the remaining 
observations, estimating 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 ∣ 𝛾 at 𝜏 ∧ 𝜔(𝑡)} as the probability 1 − 𝛹 (𝑡 − 𝑡′) that 𝑠 is not 
isolated at 𝑡 given a positive test at 𝑡′, where 𝛹 (𝑡) is the distribution of the duration from a positive test to isolation.

• (A4) We disregard all but the most probable infectious subject in multi-subject contacts, thus approximating the probability that 
a contact involving subject 𝑠 is effective given an observation sequence 𝜔(𝑡) as the probability that the most likely infectious 
subject (among those whom 𝑠 met) is infectious and not isolated at the time of contact given 𝜔(𝑡), multiplied by the risk factor 
of the contact.

• (A5) We disregard the conditioning on observations taken after time 𝑡 in the evaluation of the probability that a subject is 
infectious not isolated at time 𝑡 given a sequence of observations 𝜔(𝑡′) taken within [0, 𝑡′] with 𝑡′ > 𝑡, i.e., 𝑃 {𝑠 is infectious not
isolated at 𝑡 ∣ 𝜔(𝑡′)} = 𝑃 {𝑠 is infectious not isolated at 𝑡 ∣ 𝜔(𝑡)}.

We refer to any probability derived by introducing these sources of approximation as approximate probability.
The infection sequence that may have infected the subject consists of an external effective contact followed by a number of 

effective internal contacts, with the last contact of the sequence being the primary infection event for 𝑠 (i.e., the only event of the 
sequence that involves 𝑠). We compute the likelihood 𝐿(𝑠; 𝑡;𝜔(𝑡)) as: 

𝐿(𝑠; 𝑡;𝜔(𝑡)) = lim
𝑛→∞

𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) (2)

where 𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) is the approximate probability that subject 𝑠 is infectious not isolated at 𝑡 due to an infection sequence 
made of one effective external contact followed by up to 𝑛 effective internal contacts, given the observation sequence 𝜔(𝑡), 
i.e., 𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) ∶= 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 ∣ 𝜔(𝑡)} where 𝜄 is the number of effective internal contacts. We 
iteratively derive 𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) through Theorem  3.1.
5 
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Theorem 3.1.  For any subject 𝑠, time 𝑡, and observation sequence 𝜔(𝑡) ∶= ⟨𝜔1,… , 𝜔𝑚⟩, the approximate probability 𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) can be 
derived as follows ∀ 𝑛 ∈ N: 

𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) =

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

𝐸𝑠,𝑡
∑

𝑘=1
𝑐(𝑡; 𝜏ext𝑠,𝑘 ;𝜔(𝑡)) ⋅ 𝑟(𝑒𝑠,𝑘) ⋅ 𝑧(𝑠; 𝑡; 𝑒𝑠,𝑘)

𝑘−1
∏

𝑗=1

(

1 − 𝑟(𝑒𝑠,𝑗 ) ⋅ 𝑧(𝑠; 𝑡; 𝑒𝑠,𝑗 )
)

if 𝑛 = 0

𝐼𝑠,𝑡
∑

𝑙=1
𝑐(𝑡; 𝜏 int𝑠,𝑙 ;𝜔(𝑡)) ⋅ 𝑟(𝑖𝑠,𝑙) ⋅ 𝑃 (𝑞(𝑠; 𝑙; 𝑛 − 1); 𝜏 int𝑠,𝑙 ;𝜔(𝜏

int
𝑠,𝑙 ); 𝑛 − 1)

⋅
𝑙−1
∏

𝑗=1

(

1 − 𝑟(𝑖𝑠,𝑗 ) ⋅ 𝑃 (𝑞(𝑠; 𝑗; 𝑛 − 1); 𝜏 int𝑠,𝑗 ;𝜔(𝜏
int
𝑠,𝑗 ); 𝑛 − 1)

)

if 𝑛 > 0

(3)

where:

• 𝐸𝑠,𝑡 is the number of external contacts of subject 𝑠 that occurred within the interval [0, 𝑡];
• 𝐼𝑠,𝑡 is the number of internal contacts of subject 𝑠 that occurred within the interval [0, 𝑡];
• 𝜏ext𝑠,𝑘  is the time of the 𝑘th external contact 𝑒𝑠,𝑘 of subject 𝑠;
• 𝜏 int𝑠,𝑙  is the time of the 𝑙th internal contact 𝑖𝑠,𝑙 of subject 𝑠;
• 𝑐(𝑡; 𝜏;𝜔(𝑡)) is either (i) the probability 𝑣(𝑡, 𝜏) that subject 𝑠 is infectious not isolated at time 𝑡 given an effective contact 𝛾 at time 𝜏 ⩽ 𝑡, 
if the observation sequence 𝜔(𝑡) does not include a positive test of subject 𝑠, or (ii) the probability that subject 𝑠 has not yet isolated 
since he/she was tested positive at time 𝑡′ ⩽ 𝑡 with 𝛹 being the probability distribution of the notification-to-isolation delay, otherwise: 

𝑐(𝑡; 𝜏;𝜔(𝑡)) ∶=
{

𝑣(𝑡, 𝜏) if 𝜔(𝑡) includes no positive test of 𝑠
1 − 𝛹 (𝑡 − 𝑡′) if 𝜔(𝑡) includes a positive test of 𝑠 at time 𝑡′ (4)

• 𝑟(𝛾) is the risk factor of contact 𝛾;
• 𝑧(𝑠; 𝑡; 𝛾) is the approximate probability that contact 𝛾 of subject 𝑠 is effective given the observations taken within the interval [0, 𝑡]
(without assuming that an infected subject is part of the contact) divided by the probability that 𝛾 is effective, i.e., 𝑧(𝑠; 𝑡; 𝛾) ∶=
𝑃 {𝛾 is effective ∣ 𝜔(𝑡)}∕𝑃 {𝛾 is effective}: 

𝑧(𝑠; 𝑡; 𝛾) =

∏

ℎ∈𝐻𝑠,𝑡

𝑃 {𝜔ℎ ∣ 𝛾 is effective}
∏

ℎ∈𝐻𝑠,𝑡

𝑃 {𝜔ℎ}
(5)

where 𝐻𝑠,𝑡 is the set of indexes of observations of symptoms and test results which were taken on subject 𝑠 within the interval [0, 𝑡];
• 𝑞(𝑠; 𝑙; 𝑛−1) is the subject, met by 𝑠 during his/her 𝑙th internal contact, who has the highest approximate probability of being infectious 
and not isolated at the contact time 𝜏 int𝑠,𝑙 , assuming 𝜄 ⩽ 𝑛 − 1 effective internal contacts in the infection sequence, i.e., 𝑞(𝑠; 𝑙; 𝑛 − 1) ∶=
argmax𝑥∈𝑋𝑠,𝑙 𝑃 (𝑥; 𝜏

int
𝑠,𝑙 ;𝜔(𝜏

int
𝑠,𝑙 ); 𝑛 − 1) where 𝑋𝑠,𝑙 is the set of subjects encountered by 𝑠 at his/her 𝑙th internal contact.

Proof.  Base step. We derive 𝑃 (𝑠; 𝑡;𝜔(𝑡); 0) ∶= 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 = 0 ∣ 𝜔(𝑡)}. To this end, we consider 
𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 = 0 ∣ 𝜔(𝑡)}, i.e., the probability that 𝑠 is infectious not isolated at time 𝑡 due to an infection 
sequence made of one effective external contact and 𝜄 = 0 effective internal contacts, given the observation sequence 𝜔(𝑡). Any 
external contact of 𝑠 prior to the primary infection event is ineffective, while the subsequent external contacts of 𝑠 may or may 
not be effective. Let 𝑒𝑠,1,… , 𝑒𝑠,𝐸𝑠,𝑡  be the temporally ordered external contacts of 𝑠 that occurred within the interval [0, 𝑡], where 
𝐸𝑠,𝑡 is their number. By applying the law of total probability, we express 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 = 0 ∣ 𝜔(𝑡)} as 
∑𝐸𝑠,𝑡
𝑘=1 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 = 0 ∧ 𝑒𝑠,𝑘 is effective ∧ 𝑒𝑠,1,… , 𝑒𝑠,𝑘−1 are ineffective ∣ 𝜔(𝑡)}. By disregarding dependencies 

among the external contacts of 𝑠 (source of approximation A1), we obtain:

𝑃 (𝑠; 𝑡;𝜔(𝑡); 0) =
𝐸𝑠,𝑡
∑

𝑘=1
𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 = 0 ∧ 𝑒𝑠,𝑘 is effective ∣ 𝜔(𝑡)}

⋅
𝑘−1
∏

𝑗=1
𝑃 {𝑒𝑠,𝑗 is not effective ∣ 𝜔(𝑡)}

By the definition of conditional probability and the definition of complementary event, we obtain:

𝑃 (𝑠; 𝑡;𝜔(𝑡); 0) =
𝐸𝑠,𝑡
∑

𝑘=1
𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 = 0 ∣ 𝑒𝑠,𝑘 is effective ∧ 𝜔(𝑡)}

⋅𝑃 {𝑒𝑠,𝑘 is effective ∣ 𝜔(𝑡)} ⋅
𝑘−1
∏

𝑗=1
(1 − 𝑃 {𝑒𝑠,𝑗 is effective ∣ 𝜔(𝑡)})

By introducing approximation in the first factor (source of approximation A3), disregarding 𝜄 and either (i) the conditioning on 𝜔(𝑡)
(if 𝜔(𝑡) does not include the annotation of a positive test of subject 𝑠) or (ii) the infectiousness state of 𝑠 as well as the conditioning 
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on the effective contact 𝑒𝑠,𝑘 and the remaining observations (if 𝜔(𝑡) includes the annotation of a positive test of subject 𝑠), we express 
𝑃 (𝑠; 𝑡;𝜔(𝑡); 0) as:

𝑃 (𝑠; 𝑡;𝜔(𝑡); 0) =
𝐸𝑠,𝑡
∑

𝑘=1
𝑐(𝑡; 𝜏ext𝑠,𝑘 ;𝜔(𝑡)) ⋅ 𝑃 {𝑒𝑠,𝑘 is effective ∣ 𝜔(𝑡)} ⋅

𝑘−1
∏

𝑗=1
(1 − 𝑃 {𝑒𝑠,𝑗 is effective ∣ 𝜔(𝑡)}).

By the Bayes theorem, 𝑃 {𝑒𝑠,𝑘 is effective ∣ 𝜔(𝑡)} = 𝑃 {𝜔(𝑡) ∣ 𝑒𝑠,𝑘 is effective} ⋅ 𝑃 {𝑒𝑠,𝑘 is effective}∕𝑃 {𝜔(𝑡)}. By disregarding 
dependencies among observations 𝜔1,… , 𝜔𝑚 (source of approximation A1), we obtain 𝑃 {𝑒𝑠,𝑘 is effective ∣ 𝜔(𝑡)} = 𝑃 {𝑒𝑠,𝑘 is effective}⋅
∏𝑚

ℎ=1 𝑃 {𝜔ℎ ∣ 𝑒𝑠,𝑘 is effective}∕
∏𝑚

ℎ=1 𝑃 {𝜔ℎ}. By estimating the probability that the external contact 𝑒𝑠,𝑘 is effective as the risk 
factor 𝑟(𝑒𝑠,𝑘) of the contact, and by disregarding the conditioning on observations taken on subjects other than subject 𝑠 as well 
as the conditioning on observations of contacts of subject 𝑠 (source of approximation A2), we obtain the following expression: 
𝑃 {𝑒𝑠,𝑘 is effective ∣ 𝜔(𝑡)} = 𝑟(𝑒𝑠,𝑘) ⋅

∏

ℎ∈𝐻𝑠,𝑡
𝑃 {𝜔ℎ ∣ 𝑒𝑠,𝑘 is effective}∕

∏

ℎ∈𝐻𝑠,𝑡
𝑃 {𝜔ℎ}, where 𝐻𝑠,𝑡 is the set of indexes of observations 

of symptoms and test results taken on subject 𝑠 within the time interval [0, 𝑡]. According to this, we can express 𝑃 (𝑠; 𝑡, 𝜔(𝑡); 0) as in 
Eq. (3), where 𝑧(𝑠; 𝑡; 𝑒𝑠,𝑘) is expressed as in Eq. (5).

Induction step. We derive 𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) ∶= 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 ∣ 𝜔(𝑡)}. To this end, we consider 
𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 ∣ 𝜔(𝑡)}, i.e., the probability that 𝑠 is infectious not isolated at time 𝑡 due to an infection 
sequence made of one effective external contact and 𝜄 ⩽ 𝑛 effective internal contacts, given the observation sequence 𝜔(𝑡). Any 
internal contact of 𝑠 prior to the primary infection event is ineffective, while the subsequent internal contacts of 𝑠 may or 
may not be effective. Let 𝑖𝑠,1,… , 𝑖𝑠,𝐼𝑠,𝑡  be the temporally ordered internal contacts of 𝑠 that occurred within the interval [0, 𝑡], 
where 𝐼𝑠,𝑡 is their number. By applying the law of total probability, we obtain 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 ∣ 𝜔(𝑡)}
=

∑𝐼𝑠,𝑡
𝑙=1 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 − 1 ∧ 𝑖𝑠,𝑙 is effective ∧ 𝑖𝑠,1,… , 𝑖𝑠,𝑙−1 are not effective ∣ 𝜔(𝑡)}. By the definition of 

conditional probability, we obtain 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 ∣ 𝜔(𝑡)} = ∑𝐼𝑠,𝑡
𝑙=1 𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛−1

∣ 𝑖𝑠,𝑙 is effective ∧ 𝑖𝑠,1,… , 𝑖𝑠,𝑙−1 are not effective ∧ 𝜔(𝑡)} ⋅𝑃 {𝑖𝑠,𝑙 is effective ∧ 𝑖𝑠,1,… , 𝑖𝑠,𝑙−1 are not effective ∣ 𝜔(𝑡)}. By disregarding 
dependencies among the internal contacts 𝑖𝑠,1,… , 𝑖𝑠,𝑙 of subject 𝑠 (source of approximation A1), we obtain:

𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛)

=
𝐼𝑠,𝑡
∑

𝑙=1
𝑃 {𝑠 is infectious not isolated at 𝑡 ∧ 𝜄 ⩽ 𝑛 − 1 ∣ 𝑖𝑠,𝑙 is effective ∧ 𝑖𝑠,1,… , 𝑖𝑠,𝑙−1 are ineffective ∧ 𝜔(𝑡)}

⋅𝑃 {𝑖𝑠,𝑙 is effective ∣ 𝜔(𝑡)} ⋅
𝑙−1
∏

𝑗=1
𝑃 {𝑖𝑠,𝑗 is not effective ∣ 𝜔(𝑡)}.

By introducing approximation in the first factor (source of approximation A3), disregarding 𝜄 and either (i) the conditioning on 𝜔(𝑡)
(if 𝜔(𝑡) does not include the annotation of a positive test of subject 𝑠) or (ii) the infectiousness state of 𝑠 as well as the conditioning 
on the effective contact 𝑖𝑠,𝑙 and the remaining observations (if 𝜔(𝑡) includes the annotation of a positive test of subject 𝑠), we express 
𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) as:

𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) =
𝐼𝑠,𝑡
∑

𝑙=1
𝑐(𝑡; 𝜏 int𝑠,𝑙 ;𝜔(𝑡)) ⋅ 𝑃 {𝑖𝑠,𝑙 is effective ∣ 𝜔(𝑡)} ⋅

𝑙−1
∏

𝑗=1
𝑃 {𝑖𝑠,𝑗 is not effective ∣ 𝜔(𝑡)}.

By considering, among the subjects met by subject 𝑠 during his/her 𝑙th internal contact, only the subject 𝑞(𝑠; 𝑙; 𝑛 − 1) who 
has the highest approximate probability of being infectious at the contact time 𝜏 int𝑠,𝑙  (source of approximation A4), we obtain 
𝑃 {𝑖𝑠,𝑙 is effective ∣ 𝜔(𝑡)} = 𝑃 {𝑞(𝑠; 𝑙; 𝑛 − 1) is infectious not isolated at 𝜏 int𝑠,𝑙 ∧ 𝜄 ⩽ 𝑛 − 1 ∣ 𝜔(𝑡)} ⋅ 𝑟(𝑖𝑠,𝑙). To evaluate 𝑃 {𝑞(𝑠; 𝑙; 𝑛 −
1) is infectious not isolated at 𝜏 int𝑠,𝑙 ∧ 𝜄 ⩽ 𝑛−1 ∣ 𝜔(𝑡)}, we recursively introduce the mentioned sources of approximation and we omit 
the conditioning on observations taken after time 𝜏 int𝑠,𝑙  (source of approximation A5), obtaining 𝑃 (𝑞(𝑠, 𝑙, 𝑛−1); 𝜏 int𝑠,𝑙 ;𝜔(𝜏

int
𝑠,𝑙 ), 𝑛−1) ⋅𝑟(𝑖𝑠,𝑙). 

Moreover, by the definition of complementary event, 𝑃 {𝑖𝑠,𝑗 is not effective ∣ 𝜔(𝑡)} = 1 − 𝑃 {𝑖𝑠,𝑗 is effective ∣ 𝜔(𝑡)}. According to this, 
we can express 𝑃 (𝑠, 𝑡, 𝜔(𝑡), 𝑛) with 𝑛 > 0 as in Eq. (3). □

3.2. Computational complexity

To characterize the computational complexity, we distinguish the base step and the inductive step.

• Base step. According to Eq. (3), for each subject 𝑠 and time instant 𝑡, the derivation of 𝑃 (𝑠; 𝑡;𝜔(𝑡); 0) requires a number of 
operations that is linear in the number 𝐸𝑠,𝑡 of external contacts of subject 𝑠 that occurred within time 𝑡 (as the factors of 
the product ∏𝑘−1

𝑗=1  can be calculated incrementally for increasing values of 𝑘). Moreover, according to Eq. (5), for each such 
external contact, the evaluation requires a number of operations proportional to the number |𝐻𝑠,𝑡| of observations of symptoms 
and test results which were taken on subject 𝑠 within time 𝑡. Furthermore, 𝑐(𝑡; 𝜏;𝜔(𝑡)) can be precomputed once per disease 
(by performing transient analysis of the STPN model of Fig.  2(a)) and thus its derivation does not affect the runtime of our 
iterative approach. Therefore, the computational complexity of the base step is 𝑂(𝑆𝑇𝐻𝐸), where 𝑆 is the number of subjects, 
𝑇  is the number of time instants, 𝐻 is the maximum number of observations of symptoms and test results which were taken 
on a subject, and 𝐸 is the maximum number of external contacts of a subject.
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• Inductive step. According to Eq. (3), for each subject 𝑠, time instant 𝑡, and iteration 𝑛, the derivation of 𝑃 (𝑠; 𝑡;𝜔(𝑡); 𝑛) requires 
a number of operations that is linear in the number 𝐼𝑠,𝑡 of internal contacts of 𝑠 that occurred within time 𝑡 (as the factors 
of the product ∏𝑙−1

𝑗=1 can be calculated incrementally for increasing values of 𝑙). Moreover, for each such internal contact, 
Eq. (3) requires the identification of the subject 𝑞(𝑠; 𝑙; 𝑛 − 1), among those met by 𝑠 during that contact, who has the highest 
approximate probability of being infectious and not isolated at the contact time. Furthermore, 𝑐(𝑡; 𝜏;𝜔(𝑡)) can be precomputed 
once per disease, as already discussed for the base step. Therefore, the computational complexity of the inductive step is 
𝑂(𝑆𝑇𝑁𝑀𝐼), where 𝑁 is the number of iterations, 𝐼 is the maximum number of internal contacts of a subject, and 𝑀 is the 
maximum number of subjects met by an individual during an internal contact.

According to this, the computational complexity of our approach is 𝑂(𝑆𝑇 (𝐻𝐸 +𝑁𝑀𝐼)).

4. Experimental methodology

In this section, first we define the research objectives of our experimental evaluation (Section 4.1). Then, we describe the 
stochastic parameters used by our STPN model of disease evolution and by our approach (Section 4.2), and we define the quantitative 
measures of interest (Section 4.3). Finally, we illustrate how we generate twelve data sets of observations (Section 4.4) and how we 
exploit three of them to select our hyperparameter, i.e., the number 𝑁 of iterations performed by our solution method (Section 4.5).

4.1. Aim and scope

We assess the feasibility and effectiveness of our method by a thorough experimental evaluation, considering randomly generated 
scenarios with an increasing number of subjects and observations. Moreover, we compare our approach with an alternative baseline 
for ranking the subjects of a cluster according to their probability of being infectious, notably considering scenarios where the 
stochastic model of infection evolution exploited by our approach (and by the alternative baseline) is disturbed (with respect to the 
actual stochastic model used to derive a ground truth). Specifically, we aim at answering the following Research Questions (RQs):

• RQ1: Is the approach feasible for a large number of subjects and observations?
• RQ2: As the number of subjects and observations as well as the structure of the network of social contacts vary, does the 
approach achieve good or high performance in ranking the subjects according to their probability of being infectious and not 
isolated? Does it outperform an alternative baseline?

• RQ3: If the stochastic parameters are disturbed with respect to the actual ones, is the approach effective at ranking the subjects 
according to their probability of being infectious and not isolated?

4.2. Derivation of stochastic parameters

4.2.1. Model parameters
We model each stochastic temporal parameter of the STPN of Fig.  2(a) with three distinct PDFs fitting the lower, mid, and 

upper cases of the variability ranges for the mean value 𝜇 and the coefficient of variation cv found in the literature on COVID-
19. Specifically, observing cv < 1, we consider the PDF of the sum of an Erlang random variable with shape 𝑛 and rate 𝜆1, and 
an Exponential random variable with rate 𝜆2, where 𝑛 = ⌈1∕cv2 − 1⌉, 𝜆1 = (𝑛𝜇 +

√

𝑛2𝜇2 − (𝜇2 − cv2𝜇2)(𝑛2 + 𝑛)∕(𝜇2 − cv2𝜇2)), and 
𝜆2 = 1∕(𝜇 − 𝑛∕𝜆1), as presented in [40]; note that, if 1∕

√

2 < cv < 1, then the considered PDF takes the form of a hypo-Exponential 
PDF 𝑓 (𝑥) = ((𝜆1𝜆2)∕(𝜆1 − 𝜆2))(𝑒−𝜆1𝑥 − 𝑒−𝜆2𝑥) with 𝜆1 = (2∕𝜇)∕(1 +

√

2cv2 − 1) and 𝜆2 = (2∕𝜇)∕(1 −
√

2cv2 − 1), as illustrated in [41]. 
For the GEN durations in the STPN of Fig.  2(a), we consider the values of the mean 𝜇 and standard deviation 𝜎 listed in Table  1. 
This table also reports the coefficients of variation cv and the parameters of the estimated PDFs, which are depicted in Fig.  3.

• For transition infectiousness (modeling the time from an effective contact to infectiousness), we consider the range of es-
timated values reported in Section 3 and Figure 3 of Zhao et al. [42] for 𝜇 and 𝜎, i.e., ⟨𝜇, 𝜎⟩ ∈ {⟨3.3, 2.20⟩, ⟨3.4, 2.25⟩, ⟨3.9, 2.05⟩}
where 𝜇 and 𝜎 are expressed in days.

• For transition symptomsOnset (modeling the time from an effective contact to the onset of symptoms), we consider the 
mean value and the 95% Confidence Interval (CI) reported in Section 3 of Zhao et al. [42] for 𝜇, i.e., 6.8 days with 95% 
CI [6.2, 7.5] days, and 𝜎, i.e., 4.1 days with 95% CI [3.7, 4.8] days. Thus, we consider ⟨𝜇, 𝜎⟩ ∈ {⟨6.2, 3.7⟩, ⟨6.8, 4.1⟩, ⟨7.5, 4.8⟩}. 
Note that the mean values estimated for the duration of the latent period (i.e., 3.3, 3.4, and 3.9 days) are nearly half of the 
mean values estimated for the incubation period (i.e., 6.2, 6.8, and 7.5 days), which is consistent with the observation of 
presymptomatic transmission for COVID-19 [43–45].

• For transition isolating (modeling the time needed by a symptomatic subject to isolate himself/herself), we consider the 
median value and the Inter-Quartile Range (IQR) reported in Table 1 of Hellewell et al. [46] for a short delay estimated 
during the late stages of the 2003 SARS outbreak in Singapore, i.e., median 3.43 days and IQR [2.02, 5.23] days, and a long 
delay estimated from the early phase of the COVID-19 outbreak in Wuhan, i.e., median 8.09 days and IQR [5.52, 19.93]. Then, 
we fit each statistics with a Gamma PDF minimizing the sum of the squared differences between the approximate and observed 
quantiles. Finally, we consider the values 𝜇 and 𝜎 of the estimated Gamma PDFs, i.e., ⟨𝜇, 𝜎⟩ ∈ {⟨3.9, 2.47⟩, ⟨8.6, 4.17⟩}, plus an 
intermediate case obtained by taking the average of the two mean values and the average of the two standard deviations, 
i.e., ⟨𝜇, 𝜎⟩ = ⟨6.25, 3.32⟩.
8 



L. Carnevali et al. Simulation Modelling Practice and Theory 152 (2026) 103332 
Table 1
Parameters of the PDFs of the GEN transitions of the STPN in Fig.  2(a).
 Transition Case 𝜇 𝜎 cv 𝑛 𝜆1 𝜆2  
 
infectiousness

Lower 3.3 2.20 0.66667 2 1.53627 0.50046 
 Mid 3.4 2.25 0.66176 2 1.46110 0.49233 
 Upper 3.9 2.05 0.52564 3 1.26195 0.65672 
 
symptomsOnset

Lower 6.2 3.7 0.60294 2 0.61472 0.33939 
 Mid 6.8 4.1 0.59677 2 0.54129 0.32205 
 Upper 7.5 4.8 0.64000 2 0.60444 0.23860 
 
isolating

Lower 3.9 2.47 0.63333 2 1.12932 0.46970 
 Mid 6.25 3.32 0.53120 3 0.80718 0.39473 
 Upper 8.6 4.17 0.48488 4 0.73548 0.31632 
 
healing

Lower 9.4 7.01 0.74530 1 0.31902 0.15961 
 Mid 11.2 8.35 0.74530 1 0.26775 0.13396 
 Upper 13.3 9.91 0.74530 1 0.22547 0.11280 

Table 2
Weights of the IMM transitions of the STPN in Fig.  2(a).
 Case Transition 𝑠 Transition 1 − 𝑠  
 Lower symptoms 0.601 noSymptoms 0.399 
 Mid symptoms 0.649 noSymptoms 0.351 
 Upper symptoms 0.693 noSymptoms 0.307 

Fig. 3. PDFs of the GEN transitions of the STPN in Fig.  2(a), whose parameters are reported in Table  1.

• For transition healing (modeling the time from infectiousness to healing for asymptomatic subjects), we consider the 
median value and the IQR reported in Table 1 of Byrne et al. [47], i.e., median 9.5 days and IQR [3.5, 13] days; we fit 
them with a Gamma PDF minimizing the sum of the squared differences between the approximate and observed quantiles; 
and, we obtain mean value 9.937 days and standard deviation 7.406, and thus coefficient of variation 0.745. Moreover, 
we also take into account the mean value and the 95% CI reported in Table 1 of Kissler et al. [48], i.e., mean 11.2 
9 
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days and 95% CI [9.4, 13.3] days. Assuming the coefficient of variation estimated from [47], we finally consider ⟨𝜇, 𝜎⟩ ∈
{⟨9.4, 7.01⟩, ⟨11.2, 8.35⟩, ⟨13.3, 9.91⟩}.

Moreover, for the weights 𝑠 and 1 − 𝑠 of the IMM transitions symptoms and noSymptoms, modeling the probability of 
developing symptoms and remaining asymptomatic, respectively, we consider the mean value and the 95% CI of the percentage of 
infected subjects who never developed clinical symptoms, estimated in Figure 2 of Sah et al. [49] through a meta-analysis involving 
over 350 studies, i.e., mean value 35.1% and 95% CI [30.7%, 39.9%]. We report the corresponding values of 𝑠 and 1 − 𝑠 in Table  2.

4.2.2. Analysis parameters
To compute the likelihood that a subject is infectious and not isolated over time given the observations up to that time, we derive 

the following quantities, appearing in Eqs. (3) to (4). As for the STPN parameters, we consider three distinct values for each quantity 
of interest, fitting the lower, mid, and upper cases of the variability ranges found in the literature on COVID-19. Specifically:

• We derive the probability 𝑣(𝑡, 𝜏) that a subject is infectious and not isolated at time 𝑡 given an effective contact at time 𝜏 from 
the probability 𝑢(𝑡) that a subject is infectious and not isolated at time 𝑡 given an effective contact at time 0, computed by 
analyzing the STPN model of Fig.  2(a) in Section 2.2: 

𝑣(𝑡, 𝜏) =
{

0 if 𝑡 < 𝜏
𝑢(𝑡 − 𝜏) if 𝑡 ⩾ 𝜏

(6)

• We derive the CDF 𝛹 (𝑡) of the time to isolation since a positive test from the mean value and the IQR reported in Table 9 
of Vogt [50] for 477 subjects in Western Australia from February to June 2020, i.e., 𝜇 = 0.38 days and IQR [0, 1] days, in 
line with the ranges used in [51]. Then, we estimate the standard deviation as 𝜎 = IQR∕1.35, as suggested in [52] for a 
large sample size, obtaining 𝜎 = 0.74074, and we consider two additional cases obtained by reducing and increasing the mean 
value by 50%, respectively, i.e., ⟨𝜇, 𝜎⟩ ∈ {⟨0.19, 0.74074⟩, ⟨0.38, 0.74074⟩, ⟨0.54, 0.74074⟩}. Given that, in each of the three cases, 
the coefficient of variation cv is larger than 1, we fit 𝜇 and cv by a hyper-Exponential PDF 𝜓(𝑡) =

∑2
𝑖=1 𝑝𝑖 𝜆𝑖𝑒

−𝜆𝑖𝑡 with CDF 
𝛹 (𝑡) =

∑2
𝑖=1 𝑝𝑖 (1 − 𝑒−𝜆𝑖𝑡) where 𝑝𝑖 = 0.5 (1 ±

√

(cv2 − 1)∕(cv2 + 1)) and 𝜆𝑖 = 2𝑝𝑖∕𝜇 for 𝑖 ∈ {1, 2}, as illustrated in [41]. Table  3 
shows the values of 𝑝1, 𝑝2, 𝜆1, and 𝜆2 for the three cases and Fig.  4(a) plots the resulting PDFs.

• We derive the probability 𝑃 {𝜔 ∣ 𝛾 is effective} of an observation 𝜔 = ⟨𝜖, 𝑡⟩ given that contact 𝛾 of subject 𝑠 occurred at time 𝜏
is effective, for observations of symptoms and test results. Specifically:

– Let 𝜖 be the annotation of symptoms and 𝜙(𝑡; 𝜏) ∶= 𝑃 {symptoms at time 𝑡 ∣ 𝛾 is effective}. First, we consider the case 
that the effective contact 𝛾 occurred at time 𝜏 = 0, and we derive 𝜙(𝑡; 0) as: 

𝜙(𝑡; 0) = 𝑠 ⋅ (𝑓𝚘𝚗𝚜𝚎𝚝 ∗ 𝐺𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜)(𝑡) (7)

where 𝑠 is the probability of developing symptoms, 𝑓𝚘𝚗𝚜𝚎𝚝(𝑡) is the PDF of the time from infection to symptoms onset 
(i.e., the PDF of transition symptomsOnset in the STPN of Fig.  2(a)), and 𝐺𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜(𝑡) ∶= 1−𝐹𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜(𝑡) with 𝐹𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜(𝑡)
being the CDF of the duration of symptoms. For 𝑓𝚘𝚗𝚜𝚎𝚝(𝑡) and 𝑠, we consider the values in Tables  1 and 2, respectively. 
For 𝐹𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜(𝑡), we estimate symptoms duration from the mean value 𝜇 and the standard deviation 𝜎 reported in Table 1 
of Menni et al. [53] for a population of 4990 subjects in the UK during the periods of dominance of two COVID-19 
variants, respectively, i.e., ⟨𝜇, 𝜎⟩ = {⟨6.87, 5.21⟩, ⟨8.89, 5.04⟩}. We also consider an intermediate case obtained by taking 
the average of the two mean values and the average of the two standard deviations, i.e., ⟨𝜇, 𝜎⟩ = ⟨7.88, 5.125⟩. Given 
that, in each of the three cases, the coefficient of variation cv is lower than 1, we fit 𝜇 and 𝜎 by the sum of an Erlang 
random variable with shape 𝑛 and rate 𝜆1, and an Exponential random variable with rate 𝜆2, as done in Section 4.2.1 
for the STPN parameters. Table  3 shows the values of 𝑛, 𝜆1, and 𝜆2 for the three cases, and Fig.  4(b) plots the resulting 
PDFs. Moreover, Fig.  4(c) plots 𝜙(𝑡; 0) for the three cases, obtained considering the lower-, mid-, and upper-case values 
for 𝑠, 𝑓𝚘𝚗𝚜𝚎𝚝(𝑡) and 𝐺𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜(𝑡), respectively. Finally, we derive 𝜙(𝑡; 𝜏) from 𝜙(𝑡; 0) as follows: 

𝜙(𝑡; 𝜏) =
{

0 if 𝑡 < 𝜏
𝜙(𝑡 − 𝜏; 0) if 𝑡 ⩾ 𝜏

(8)

– Let 𝜖 be the positive result of a diagnostic test and 𝜃(𝑡; 𝜏) ∶= 𝑃 {positive test at time 𝑡 ∣ 𝛾 is effective}. First, we consider 
the case that the effective contact 𝛾 occurred at time 𝜏 = 0, deriving 𝜃(𝑡; 0) as: 

𝜃(𝑡; 0) = ∫

𝑡

0
𝑓𝚘𝚗𝚜𝚎𝚝(𝜏) ⋅ 𝑝(𝑡 − 𝜏)𝑑𝜏 (9)

where 𝑓𝚘𝚗𝚜𝚎𝚝(𝑡) is the PDF of the time from infection to symptoms onset and 𝑝(𝑡) ∶= 𝑃 {positive test at time t ∣
symtoms onset at time 0}. For 𝑓𝚘𝚗𝚜𝚎𝚝(𝑡), we consider the values in Table  1. For 𝑝(𝑡), we consider Fig. 1 of Wikramaratna 
et al. [54], estimating 𝑝(𝑡) as a Gamma Complementary CDF (CCDF) with shape 7.85, rate 2.14, and scaling factor 0.94. 
Fig.  4(d) plots 𝜃(𝑡; 0) obtained using the lower-, mid-, and upper-case values for 𝑓𝚘𝚗𝚜𝚎𝚝(𝑡). Finally, we derive 𝜃(𝑡; 𝜏) from 
𝜃(𝑡; 0): 

𝜃(𝑡; 𝜏) =
{

0 if 𝑡 < 𝜏 (10)

𝜃(𝑡 − 𝜏; 0) if 𝑡 ⩾ 𝜏

10 
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Table 3
Parameters for the PDF 𝜓(𝑡) of time to isolation since a positive test and the PDF 𝑔𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜(𝑡) of symptoms duration.
 Duration Case 𝜇 𝜎 cv 𝑝1 𝑝2 𝑛 𝜆1 𝜆2  
 
Time from positive test to isolation

Lower 0.19 0.74074 3.89864 0.96812 0.03188 – 10.19072 0.33560 
 Mid 0.38 0.74074 1.94932 0.88188 0.11812 – 4.64146 0.62170 
 Upper 0.54 0.74074 1.29955 0.75307 0.24693 – 2.64235 0.86642 
 
Symptomatic period duration

Lower 6.87 5.21 0.75837 – – 1 0.47539 0.20980 
 Mid 7.88 5.125 0.65038 – – 2 0.60118 0.21962 
 Upper 8.89 5.04 0.56693 – – 3 0.65074 0.23365 

Fig. 4. (a) PDF 𝜓(𝑡) of the time to isolation since a positive test. (b) PDF 𝑔𝚜𝚢𝚖𝚙𝚝𝚘𝚖𝚜(𝑡) of symptoms duration. (c) Probability 𝜙(𝑡; 0) of symptoms 
at 𝑡 given an effective contact at 0. (d) Probability 𝜃(𝑡; 0) of positive test at 𝑡 given an effective contact at 0.

– Let 𝜖 be the negative result of a diagnostic test. By the definition of complementary event, we derive 𝑃 {negative test at
time 𝑡 ∣ 𝛾 is effective} = 1 − 𝑃 {positive test at time 𝑡 ∣ 𝛾 is effective}.

• 𝑃 {𝜔} is the a-priori probability of observation 𝜔 = ⟨𝜖, 𝑡⟩ where the observation type 𝜖 can be the annotation of symptoms or 
the (positive or negative) result of a diagnostic test. We consider the same value of 𝑃 {𝜔} for every observation type 𝜖 at any 
time 𝑡, and we evaluate different experimental scenarios by varying this uniform value within the set {0.1, 0.3, 0.5, 0.7, 0.9}.

Note that the different shape of the PDF of the time to isolation since a positive test (shown in Fig.  4(a)) with respect to the 
other stochastic parameters shown in Figs.  3 and 4 is due to the fact that the coefficient of variation of the time to isolation since a 
positive test is larger than 1. Thus, the mean value and coefficient of variation of this duration are fit by a hyper-Exponential PDF, 
as proposed in [41].

4.3. Quantitative measures of interest

Given a sequence of observations 𝜔(𝑡max) acquired within the time interval [0, 𝑡max], we use our approach to compute the approx-
imate probability 𝑃 (𝑠; 𝑡;𝑤(𝑡)) that each subject 𝑠 ∈ {𝑠𝑖}𝑆𝑖=1 is infectious not isolated at time 𝑡 given 𝑤(𝑡) ∀ 𝑡 ∈ {0, 𝛥 𝑡, 2𝛥𝑡,… , 𝑡max}, 
where 𝑆 is the number of subjects and 𝛥 𝑡 = 0.1 h is the considered time step. Then, we average 𝑃 (𝑠; 𝑡;𝑤(𝑡)) over a sliding window 
11 
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of 1 h width, obtaining 𝑃avg(𝑠; 𝑡;𝑤(𝑡)), and we derive the corresponding ranking 𝑧ours(𝑡) of the most infectious not isolated subjects 
∀ 𝑡 ∈ {0, 𝛥 𝑡, 2𝛥𝑡,… , 𝑡max}, i.e., 𝑧ours(𝑡) ∶= ⟨𝑧ours1 (𝑡),… , 𝑧ours𝑆 (𝑡)⟩ where 𝑧ours𝑖 (𝑡) is the subject with the 𝑖th highest value of 𝑃avg(𝑠; 𝑡;𝑤(𝑡))
∀ 𝑖 ∈ {1,… , 𝑆}. Moreover, we also derive the ground truth probability 𝑃 (𝑠; 𝑡;𝜔(𝑡)) that each subject 𝑠 is infectious not isolated at 
time 𝑡 given 𝜔(𝑡) ∀ 𝑡 ∈ {0, 𝛥 𝑡, 2𝛥𝑡,… , 𝑡max}, as illustrated in Appendix, and we compute the corresponding ground truth ranking 𝑧gt (𝑡)
of the most infectious not isolated subjects. We evaluate the accuracy of our approach with respect to the ground truth in terms of
calibration of the computed probabilities, by computing the following quantitative measures:

• Brier score 𝐵(𝑧ours(⋅); 𝑧gt (⋅); 𝑠) of each subject 𝑠, defined as the mean squared error of the computed probabilities over time 
with respect to the ground truth probabilities. We compute the average value of 𝐵(𝑧ours(⋅); 𝑧gt (⋅); 𝑠) over all subjects.

• Expected calibration error 𝐸𝐶𝐸(𝑧ours(⋅); 𝑧gt (⋅); 𝑠) for each subject 𝑠, calculated by partitioning the probabilities into bins (using 
10 bins in our experiments) and taking the weighted sum of the absolute difference between confidence and accuracy of all 
bins. We compute the average value of 𝐸𝐶𝐸(𝑧ours(⋅); 𝑧gt (⋅); 𝑠) over all subjects.

• Reliability diagrams, which provide a visual representation for predicted and ground truth probabilities.
Moreover, aligning closely with the objectives of our approach, we evaluate its accuracy with respect to the ground truth in 

terms of ranking performance, determining how effectively it identifies subjects with the highest probability of being infectious and 
not isolated, by computing the following quantitative measures:

• Kendall rank correlation coefficient 𝜏(𝑧ours(𝑡); 𝑧gt (𝑡)), which measures the ordinal association between the two rankings 𝑧ours(𝑡)
and 𝑧gt (𝑡) ∀ 𝑡 ∈ {0, 𝛥 𝑡, 2𝛥𝑡,… , 𝑡max}. In particular, 𝜏(𝑧ours(𝑡); 𝑧gt (𝑡)) takes values within [−1, 1], and it is equal to 1 if the two 
rankings 𝑧ours(𝑡) and 𝑧gt (𝑡) are the same, and equal to −1 if 𝑧ours(𝑡) is the reverse of 𝑧gt (𝑡). We compute the average value of 
𝜏(𝑧ours(𝑡); 𝑧gt (𝑡)) over time.

• Spearman’s rank correlation coefficient 𝜌(𝑧ours(𝑡); 𝑧gt (𝑡)), which measures the similarity between the two rankings 𝑧ours(𝑡) and 
𝑧gt (𝑡) ∀ 𝑡 ∈ {0, 𝛥 𝑡, 2𝛥𝑡,… , 𝑡max}, in terms of monotonicity of the relationship between the two rankings and agreement in 
ordering. In particular, 𝜌(𝑧ours(𝑡); 𝑧gt (𝑡)) takes values within [−1, 1], and it is equal to 1 if the two rankings 𝑧ours(𝑡) and 𝑧gt (𝑡)
have positive monotonic relationship and equal to −1 if they have negative monotonic relationship. We compute the average 
value of 𝜌(𝑧ours(𝑡); 𝑧gt (𝑡)) over time.

• Top-𝑘 score 𝜋(𝑧ours(𝑡); 𝑧gt (𝑡); 𝑘), defined ∀ 𝑡 ∈ {0, 𝛥 𝑡, 2𝛥𝑡,… , 𝑡max} as the portion of the 𝑘 most infectious not isolated subjects 
according to the ground truth ranking 𝑧gt (𝑡), that ranked within the top 𝑘 positions by our ranking 𝑧ours(𝑡).1 For each considered 
value of 𝑘, we compute the average value of 𝜋(𝑧ours(𝑡); 𝑧gt (𝑡), 𝑘) over time.

Moreover, to compare the accuracy of our approach with that of an alternative baseline, we also perform a number of simulation 
runs with a total duration not lower than that of the analysis, obtaining the probability 𝑃 sim(𝑠; 𝑡;𝜔(𝑡)) that each subject 𝑠 is infectious 
not isolated at time 𝑡 given 𝜔(𝑡) ∀ 𝑡 ∈ {0, 𝛥 𝑡, 2𝛥𝑡,… , 𝑡max}. Then, for each subject 𝑠, we average 𝑃 sim(𝑠; 𝑡;𝑤(𝑡)) over a sliding window 
of 1 h width obtaining 𝑃 sim

avg (𝑠; 𝑡;𝑤(𝑡)), and we derive the corresponding ranking 𝑧sim(𝑡) of the most infectious not isolated subjects. 
Note that this baseline takes into account the dependencies among contacts and observations, which are instead discarded by 
our approach. We evaluate the baseline accuracy with respect to the ground truth by computing the same quantitative measures 
calculated for our analysis method.

4.4. Generation of data sets of observations

We generate synthetic data sets of observations spanning a time interval of 12 weeks (i.e., 84 days), using three different network 
topologies for social contacts (i.e., household bubble, scale free, and small world) and three different densities of internal contacts 
(i.e., low, medium, and high), yielding nine data sets. Moreover, for the selection of the hyperparameter for our approach, we 
generate an additional data set for each network topology, with a medium number of internal contacts. Table  4 summarizes all the 
characteristics. Specifically:

• Household bubble data sets HB1, HB2, and HB3 contain 8 individuals and are generated using a complete graph (i.e., 8 
nodes and 7 edges per node). They include hundreds of internal contacts (on the order of 200, 400, and 800, respectively, 
corresponding to nearly 25, 50, and 100 internal contacts per individual on average), tens of external contacts (on the order 
of 40), a few tens of observations of symptoms (on the order of 20), and several tens of test results (on the order of 100).

• Scale free data sets SF1, SF2, and SF3 contain 100 individuals and are generated via a Barabási–Albert model (i.e., 100 nodes 
and 3 edges per node). They include thousands of internal contacts (on the order of 1250, 2500, and 5000, respectively, 
corresponding to nearly 12.5, 25, and 50 internal contacts per individual on average), several hundreds of external contacts 
(on the order of 1000), and several hundreds of observations of both symptoms and test results (on the order of 1000).

• Small world data sets SW1, SW2, and SW3 contain 100 individuals and are generated via a Watts–Strogatz model (i.e., 100 
nodes, each connected to 5 nearest neighbors, with a rewiring probability equal to 0.1). They include thousands of internal 
contacts (on the order of 1800, 3600, and 7200, respectively, corresponding to nearly 18, 36, and 72 internal contacts per 
individual on average), several hundreds of external contacts (on the order of 1000), and several hundreds of observations of 
both symptoms and test results (on the order of 1000).

1 In our setting, this metric corresponds to both top-𝑘 precision and top-𝑘 recall, since we select the top 𝑘 positions both in the ground truth ranking and 
in the predicted ranking. We use the name top-𝑘 score to highlight a crucial difference with respect to standard precision and recall, that is the fact that our 
ground truth consists of probabilities rather than binary labels.
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Table 4
Generated data sets: number of individuals and number of observations of each type.
 Data set # Individuals # Internal contacts # External contacts # Symptoms # Tests 
 HB1 8 190 40 18 97  
 HB2 8 380 40 31 87  
 HB2-val 8 380 40 31 87  
 HB3 8 760 40 14 127  
 SF1 100 1188 950 950 950  
 SF2 100 2375 950 950 950  
 SF2-val 100 2375 950 950 950  
 SF3 100 4750 950 950 950  
 SW1 100 1710 950 950 950  
 SW2 100 3420 950 950 950  
 SW2-val 100 3420 950 950 950  
 SW3 100 6840 950 950 950  

• In addition, data sets HB2-val, SF2-val, and SW2-val, used for the selection of the hyperparameter for our approach, feature 
the same characteristics as data sets HB2, SF2, and SW2, respectively.

Data sets are generated through the following procedure:

• Network structure. The structure of the network of social contacts is created using the NetworkX library.
• External contacts. The external contacts (each involving a single subject of the cluster) are created as follows: for data sets 
HB1, HB2, and HB3, the number of the external contacts for each subject is uniformly sampled from {0,… , 8}, making a total 
of 40 external contacts; for the remaining data sets (i.e., SF1, SF2, SF3, SW1, SW2, and SW3), each of 1000 external contacts 
is assigned to a randomly selected individual. Then, each external contact is associated with a timestamp sampled from a 
uniform distribution over the interval [0, 𝑡max], where the time limit 𝑡max is 84 days (i.e., 2016 h).

• Internal contacts. The internal contacts are generated in two steps. First, 1.5% of the external contacts are randomly selected 
to be effective and, starting from these initial transmission seeds, the spread of the disease is simulated over the social 
network using the EoN (Epidemics on Networks) library, yielding the effective internal contacts, each associated with a 
timestamp dynamically determined by the EoN simulation algorithm. Next, the ineffective internal contacts are generated 
by recurrently and randomly sampling an edge from the graph and designating the two endpoints as the interacting subjects. 
With a probability of 0.35, neighboring nodes are randomly included in the event to account for multi-person gatherings. The 
timestamp of each ineffective internal contact is uniformly sampled from [0, 𝑡max].

• Symptoms and tests. For data sets HB1, HB2, and HB3, the number of observations of symptoms for each subject is uniformly 
sampled from {0,… , 8}, yielding a total number of observations of symptoms equal to 18, 31, and 14, respectively, while the 
number of results of diagnostic tests for each subject is uniformly sampled from {0,… , 24}, resulting in a total number of test 
results equal to 97, 87, and 127, respectively. For the remaining data sets, each of the 1000 observations of symptoms and 
each of the 1000 diagnostic tests are assigned to a randomly selected individual. For each data set, the timestamp of each 
observation of symptoms and each result of a diagnostic test is uniformly sampled from [0, 𝑡max].
Then, a simulation run of Algorithm 1 of Appendix (lines 1–58) is performed using the mid-case values of the stochastic 
parameters2 to discard the contacts of the isolated subjects, as well as to maintain/discard the observations of symptoms and 
to generate the actual test results. Specifically, for each observation of symptoms of subject 𝑠 at time 𝜏, we maintain the 
observation if 𝑠 is symptomatic at time 𝜏, we maintain the observation with probability 0.5 if 𝑠 is developing symptoms at 
time 𝜏, and we discard the observation otherwise. Moreover, for each observation of a diagnostic test result for subject 𝑠 at 
time 𝜏, we generate a positive result with a probability of 𝜃(𝜏; 𝜏′) if 𝑠 is infectious at time 𝜏 and had an effective contact at 
time 𝜏′ (where 𝜃(𝜏; 𝜏′) is the mid-case probability of a positive test at time 𝜏 given an effective contact at time 𝜏′, i.e., the green 
curve in Fig.  4(d)), with a probability of 0.05 if 𝑠 has not been infected, and with a probability of 0.025 if 𝑠 has recovered; in 
all these cases, we generate a negative result with the complementary probability.

• Data distortion. To account for noisy, erroneous, and missing observations in real scenarios, we remove 5% of the observations 
of each type (i.e., contacts, symptoms, and tests), we perturb the timestamp of 5% of the observations within a time window 
of ±6 h, and we flip the result of 5% of the tests.

For each data set, we derived a ground truth as illustrated in Appendix, exploiting Algorithm 1 and the mid-case values of the 
stochastic parameters, and considering time limit 𝑡max = 12 weeks (i.e., the duration of each data set) and time step 𝛥 𝑡 = 1 h (yielding 
𝑇 = 2016 time instants). Importantly, this derivation was notably performed using the data prior to the perturbations described in 
the final generation step above.

2 This simulation run is used exclusively to discard the contacts of the isolated subjects and to generate the observed test results and symptom logs, and it 
is executed independently of both ground truth simulation and baseline simulation.
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Table 5
Performance measures achieved by our approach on data sets HB2-val, SF2-val, and SW2-val for a different number 𝑁 of iterations (using 
𝑃 {𝜔} = 0.5 for every observation type and the mid-case values of the other stochastic parameters defined in Section 4.2). The top-𝑘 score is 
evaluated for 𝑘 ∈ {1, 2, 3, 4} for HB2-val and for 𝑘 ∈ {10, 20, 30, 40} for SF2-val and SW2-val. For each measure and data set, the best value 
(achieved by our approach for different values of 𝑁) is indicated in bold. 
 HB2-val SF2-val2 SW2-val

 𝑁 = 1 𝑁 = 2 𝑁 = 3 𝑁 = 4 𝑁 = 1 𝑁 = 2 𝑁 = 3 𝑁 = 4 𝑁 = 1 𝑁 = 2 𝑁 = 3 𝑁 = 4

 Kendall 0.2150 0.6354 𝟎.𝟔𝟕𝟐𝟏 0.6704 0.2978 0.4617 𝟎.𝟒𝟕𝟖𝟓 0.4727 0.2877 0.4820 𝟎.𝟓𝟎𝟏𝟒 0.4992 
 Spearman 0.2742 0.8228 0.8538 𝟎.𝟖𝟓𝟕𝟔 0.3934 0.6300 𝟎.𝟔𝟓𝟑𝟒 0.6500 0.3847 0.6575 0.6841 𝟎.𝟔𝟖𝟓𝟖  
 Top-1/10 𝟎.𝟐𝟗𝟑𝟕 0.2411 0.2014 0.1622 0.4152 0.4345 𝟎.𝟒𝟒𝟐𝟓 0.4058 0.2316 0.2173 0.1930 𝟎.𝟐𝟐𝟐𝟕  
 Top-2/20 0.3031 𝟎.𝟑𝟕𝟏𝟑 0.3557 0.3626 𝟎.𝟒𝟓𝟏𝟏 0.4377 0.4392 0.4499 0.2855 0.2855 0.2617 𝟎.𝟐𝟖𝟕𝟎  
 Top-3/30 0.4950 0.5764 0.5728 𝟎.𝟓𝟕𝟓𝟕 𝟎.𝟒𝟐𝟑𝟗 0.4049 0.4208 0.4099 𝟎.𝟐𝟓𝟔𝟔 0.2460 0.2416 0.2531 
 Top-4/40 0.5046 0.5956 0.5985 𝟎.𝟔𝟎𝟓𝟓 𝟎.𝟒𝟑𝟗𝟒 0.4303 0.4237 0.4095 0.2681 𝟎.𝟐𝟕𝟔𝟕 0.2728 0.2754 

4.5. Hyperparameter selection

We applied our approach to data sets HB2-val, SF2-val, and SW2-val executing 𝑁 ∈ {1, 2, 3, 4} iterations (considering 𝑃 {𝜔} = 0.5
for every type of observation and using the mid-case values of the stochastic parameters defined in Section 4.2). Table  5 shows 
the obtained performance measures with respect to the ground truth. Specifically, for all data sets, the Kendall rank correlation 
coefficient significantly increases when 𝑁 increases from 1 to 2, and achieves its best value for 𝑁 = 3. Similarly, the Spearman’s 
rank correlation coefficient also significantly increases as 𝑁 increases from 1 to 2, and achieves its best value for 𝑁 = 3 (for 
SF2-val) or 𝑁 = 4 (for NB2-val and SW2-val), with very small differences in the values obtained for 𝑁 = 3 and 𝑁 = 4 (on the order 
of 10−3). For HB2-val, the top-1 score decreases with 𝑁 , the top-2 score increases as 𝑁 increases from 1 to 2 and then exhibits 
minor variations, and the top-3 and top-4 scores increase with 𝑁 . Conversely, for SF2-val and SW2-val, the top-𝑘 scores change 
slightly as 𝑁 increases. Therefore, 𝑁 = 3 appears to be a good tradeoff across all data sets and performance measures.

5. Experimental results

In this section, we illustrate the results of our experimental evaluation (Section 5.1) and we discuss the related threats to validity 
(Section 5.2). All experiments were performed on a virtual machine equipped with 32 vCPUs (distributed across 4 virtual sockets) 
and 128 GB of RAM, hosted on a dual-socket server featuring Intel Xeon Gold 6238R processors with 2.20 GHz frequency.

5.1. Performance measures

We applied our approach and the baseline defined in Section 4.3 on data sets HB1, HB2, HB3, SF1, SF2, SF3, SW1, SW2, 
and SW3, using 𝑃 {𝜔} = 0.5 for every observation type and considering all the combinations of the values of the other stochastic 
parameters defined in Section 4.2. Specifically, we considered 3 values (i.e., (i) lower, (ii) mid, and (iii) upper values) for 7 parameters 
(i.e., (i) time from infection to infectiousness, (ii) time from infection to symptoms onset, (iii) time from symptoms onset to isolation, 
(iv) time from infectiousness to healing in asymptomatic subjects, (v) time from positive test to isolation, (vi) symptomatic period 
duration, and (vii) probability of developing symptoms), yielding a total of 2187 experiments for each data set. As for the ground 
truth derivation, for our approach we used time limit 𝑡max = 12 weeks (i.e., the duration of each data set) and time step 𝛥 𝑡 = 1 h
(yielding 𝑇 = 2016 time instants). On average over the 2187 experiments, runtimes are nearly: 0.9 s, 0.9 s, and 1.1 s for data sets 
HB1, HB2, and HB3, respectively (1.0 s, 1.1 s, and 1.4 s, respectively, for the baseline); 19.6 s, 10.2 s, and 10.6 s for data sets SF1, SF2, 
and SF3, respectively (24.6 s, 14.0 s, and 17.2 s, respectively, for the baseline); and 20.6 s, 21.7 s, and 22.4 s for data sets SW1, SW2, 
SW3, respectively (26.0 s, 28.6 s, and 32.9 s, respectively, for the baseline). Conversely, the runtime required to compute the ground 
truth is nearly: 11min, 14min, and 19min for data sets HB1, HB2, and HB3, respectively; 5.1 h, 6 h, and 8.2 h for data sets SF1, SF2, 
and SF3, respectively; and, 5.5 h, 7 h, and 10.1 h for data sets SW1, SW2, and SW3, respectively.

Tables  6 to 8 report the performance measures achieved by our approach and the baseline (averages over 2187 experiments) on 
data sets of type HB, SF, and SW, respectively, indicating whether the difference in the measures is statistically significant (𝑝-value 
< 0.05) according to the Wilcoxon signed-rank test (results are significant for almost all performance measures and data sets). For 
a subset of these measures (i.e., Brier score, ECE, Kendall and Spearman’s rank correlation coefficients), Figs.  5 to 7 show the 
Bland-Altman plots comparing the obtained measures for data sets HB, SF, and SW, respectively (the 𝑥-axis represents the mean of 
the measures obtained by our approach and the baseline, while the 𝑦-axis represents their difference).

Finally, we performed a sensitivity analysis with respect to the value of the a-priori probability 𝑃 {𝜔} of an observation 𝜔, which 
we assume to be the same for every observation type (i.e., symptoms, positive test, negative test). Specifically, we applied our 
approach and the baseline defined in Section 4.3 on data sets HB2, SF2, and SW2, considering 𝑃 {𝜔} ∈ {0.1, 0.3, 0.5, 0.7, 0.9} as well 
as all the combinations of the values of the other stochastic parameters defined in Section 4.2, yielding a total of 2187 experiments 
for each data set and each value of 𝑃 {𝜔}. Table  9 reports the performance measures achieved by our approach and the baseline 
(averages over 2187 experiments for each data set and each value of 𝑃 {𝜔}), indicating whether the difference in the measures is 
statistically significant (𝑝-value < 0.05) according to the Wilcoxon signed-rank test (results are significant in almost all the considered 
cases).
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Table 6
Performance measures achieved by our approach (using a-priori observation probability 𝑃 {𝜔} = 0.5 for every observation type) and the alternative 
baseline on data sets HB1, HB2, and HB3 (averages over 2187 experiments). For each measure and data set, the best of the two values is indicated 
in bold, and an asterisk indicates if the difference is statistically significant according to the Wilcoxon signed-rank test (i.e., 𝑝-value < 0.05).
 HB1 HB2 HB3

 Ours Baseline sig. Ours Baseline sig. Ours Baseline sig.

 Brier 0.0248 𝟎.𝟎𝟏𝟗𝟒 ∗ 𝟎.𝟎𝟏𝟗𝟏 0.0197 0.0266 𝟎.𝟎𝟐𝟏𝟖 ∗  
 ECE 0.0901 𝟎.𝟎𝟖𝟏𝟓 ∗ 0.0787 𝟎.𝟎𝟕𝟕𝟒 ∗ 0.0993 𝟎.𝟎𝟖𝟓𝟎 ∗  
 Kendall 𝟎.𝟔𝟑𝟑𝟖 0.4900 ∗ 𝟎.𝟔𝟐𝟑𝟑 0.5071 ∗ 𝟎.𝟔𝟒𝟔𝟑 0.4365 ∗  
 Spearman 𝟎.𝟖𝟐𝟎𝟖 0.6090 ∗ 𝟎.𝟖𝟏𝟎𝟑 0.6207 ∗ 𝟎.𝟖𝟐𝟕𝟖 0.5352 ∗  
 Top-1 𝟎.𝟑𝟕𝟓𝟐 0.2501 ∗ 0.2543 𝟎.𝟐𝟔𝟗𝟒 𝟎.𝟐𝟔𝟎𝟓 0.2151 ∗  
 Top-2 𝟎.𝟒𝟒𝟕𝟖 0.3602 ∗ 𝟎.𝟒𝟎𝟏𝟐 0.3840 ∗ 𝟎.𝟒𝟐𝟔𝟑 0.2788 ∗  
 Top-3 0.5292 𝟎.𝟓𝟑𝟓𝟏 ∗ 𝟎.𝟓𝟓𝟓𝟗 0.5169 ∗ 𝟎.𝟓𝟑𝟎𝟖 0.4347 ∗  
 Top-4 𝟎.𝟔𝟏𝟐𝟕 0.5979 ∗ 𝟎.𝟔𝟏𝟕𝟓 0.6057 ∗ 𝟎.𝟓𝟒𝟖𝟑 0.5284 ∗  

Table 7
Performance measures achieved by our approach (using a-priori observation probability 𝑃 {𝜔} = 0.5 for every observation type) and the alternative 
baseline on data sets SF1, SF2, and SF3 (averages over 2187 experiments). For each measure and data set, the best of the two values is indicated 
in bold, and an asterisk indicates if the difference is statistically significant according to the Wilcoxon signed-rank test (i.e., 𝑝-value < 0.05).
 SF1 SF2 SF3

 Ours Baseline sig. Ours Baseline sig. Ours Baseline sig.

 Brier 0.0353 𝟎.𝟎𝟑𝟐𝟗 ∗ 0.0452 𝟎.𝟎𝟑𝟗𝟐 ∗ 𝟎.𝟎𝟓𝟑𝟓 0.0706 ∗  
 ECE 𝟎.𝟎𝟖𝟗𝟒 0.1002 ∗ 𝟎.𝟎𝟗𝟕𝟒 0.1053 ∗ 𝟎.𝟎𝟗𝟖𝟏 0.1364 ∗  
 Kendall 𝟎.𝟔𝟎𝟔𝟕 0.4148 ∗ 𝟎.𝟔𝟏𝟒𝟖 0.4010 ∗ 𝟎.𝟓𝟗𝟎𝟒 0.3303 ∗  
 Spearman 𝟎.𝟕𝟖𝟐𝟕 0.5099 ∗ 𝟎.𝟖𝟎𝟏𝟕 0.4925 ∗ 𝟎.𝟕𝟕𝟓𝟏 0.4044 ∗  
 Top-10 𝟎.𝟒𝟕𝟓𝟗 0.2436 ∗ 𝟎.𝟒𝟒𝟕𝟒 0.1885 ∗ 𝟎.𝟑𝟎𝟎𝟕 0.1259 ∗  
 Top-20 𝟎.𝟒𝟗𝟑𝟔 0.3372 ∗ 𝟎.𝟒𝟕𝟔𝟎 0.2547 ∗ 𝟎.𝟑𝟗𝟖𝟕 0.2314 ∗  
 Top-30 𝟎.𝟓𝟓𝟎𝟗 0.4150 ∗ 𝟎.𝟓𝟏𝟖𝟖 0.3463 ∗ 𝟎.𝟒𝟗𝟐𝟒 0.3321 ∗  
 Top-40 𝟎.𝟔𝟎𝟏𝟐 0.4821 ∗ 𝟎.𝟓𝟖𝟓𝟑 0.4256 ∗ 𝟎.𝟓𝟓𝟐𝟎 0.4291 ∗  

Table 8
Performance measures achieved by our approach (using a-priori observation probability 𝑃 {𝜔} = 0.5 for every observation type) and the alternative 
baseline on data sets SW1, SW2, and SW3 (averages over 2187 experiments). For each measure and data set, the best of the two values is indicated 
in bold, and an asterisk indicates if the difference is statistically significant according to the Wilcoxon signed-rank test (i.e., 𝑝-value < 0.05).
 SW1 SW2 SW3

 Ours Baseline sig. Ours Baseline sig. Ours Baseline sig.

 Brier 0.0453 𝟎.𝟎𝟑𝟒𝟎 ∗ 0.0475 𝟎.𝟎𝟑𝟓𝟗 ∗ 𝟎.𝟎𝟓𝟏𝟖 0.0566 ∗  
 ECE 𝟎.𝟎𝟗𝟗𝟏 0.1012 ∗ 𝟎.𝟎𝟗𝟏𝟗 0.0997 ∗ 𝟎.𝟎𝟗𝟒𝟎 0.1227 ∗  
 Kendall 𝟎.𝟔𝟏𝟖𝟑 0.4208 ∗ 𝟎.𝟔𝟎𝟕𝟔 0.4186 ∗ 𝟎.𝟓𝟓𝟕𝟏 0.3633 ∗  
 Spearman 𝟎.𝟕𝟗𝟓𝟐 0.5168 ∗ 𝟎.𝟕𝟗𝟕𝟔 0.5142 ∗ 𝟎.𝟕𝟒𝟗𝟎 0.4457 ∗  
 Top-10 𝟎.𝟓𝟎𝟔𝟐 0.2380 𝟎.𝟑𝟏𝟑𝟖 0.1914 ∗ 𝟎.𝟐𝟐𝟑𝟓 0.1354 ∗  
 Top-20 𝟎.𝟓𝟎𝟔𝟓 0.3477 ∗ 𝟎.𝟑𝟗𝟔𝟕 0.3102 ∗ 0.2730 𝟎.𝟑𝟏𝟑𝟒 ∗  
 Top-30 𝟎.𝟓𝟓𝟎𝟏 0.4087 ∗ 𝟎.𝟒𝟖𝟖𝟐 0.4198 ∗ 0.3738 𝟎.𝟒𝟎𝟖𝟗 ∗  
 Top-40 𝟎.𝟓𝟗𝟏𝟓 0.5063 ∗ 𝟎.𝟓𝟐𝟗𝟔 0.5236 ∗ 0.4573 𝟎.𝟒𝟗𝟐𝟏 ∗  

Calibration. Our approach achieves good values of calibration global measures on all data sets, with average Brier score in the 
order of 2 − 5 ⋅ 10−2 and average ECE in the order of 7 − 9 ⋅ 10−2, comparable with values achieved by the baseline. However, these 
aggregated measures over time mask localized discrepancies, which can be revealed by Bland-Altman plots, which map the mean 
of the measures obtained by our approach and the baseline against their difference. For the HB data sets, the plots exhibit dense 
clustering near the 𝑦 = 0 line at low mean values, confirming strong agreement and similar performance between our approach and 
the baseline. As the mean values increase along the 𝑥-axis, the plots display a distinct downward trajectory into y-negative zones, 
indicating that our approach yields systematically smaller Brier score and ECE than the baseline. Conversely, for the SF and SW data 
sets, our approach and the baseline expose a pronounced divergence, characterized by highly structured and striped distribution 
patterns and wider variance.

Further insight into the temporal dynamics driving these calibration metrics is provided by the transient probability curves 
(i.e., transient probability that each subject is infectious not isolated, computed by our approach and the ground truth) alongside 
their corresponding reliability diagrams. As an example, Fig.  8 illustrates these plots for the experiment achieving the best Brier 
score on data set HB1 (where the DKW confidence bands are almost coincident with the ground truth curves, demonstrating its 
accuracy). Here, our approach tightly mirrors the primary outbreak wave of the ground truth in the first half of the time horizon for 
most subjects. The localized miscalibration visible in the reliability diagrams manifests primarily as low-amplitude loops, which are 
driven by a minor overestimation of a late-stage peak in the second half of the time horizon (most visible in subjects 1, 7, and 8). 
15 



L. Carnevali et al. Simulation Modelling Practice and Theory 152 (2026) 103332 
Fig. 5. Bland-Altman plots comparing the performance measures for data sets HB1, HB2, and HB3 (2187 experiments). The 𝑥-axis represents 
the average of the measures achieved by our approach and the baseline; the 𝑦-axis displays their difference.

Conversely, Fig.  9 illustrates the plots for the experiment achieving the worst Brier score on data set HB1, where calibration breaks 
down more severely. In this scenario, our approach significantly overestimates the magnitude of the primary infection wave, with 
predicted probability peaks doubling the ground truth values for subjects 1, 2, 3, 4, 6, and 8, pushing these transient probabilities 
far above the true risk levels. Consequently, the sequential time-series paths in the reliability diagrams loop broadly below the 
ideal identity line, visually confirming a persistent overestimation bias during high-stakes epidemic windows. Similar trends can be 
observed for the other data sets.
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Fig. 6. Bland-Altman plots comparing the performance measures for data sets SF1, SF2, and SF3 (2187 experiments). The 𝑥-axis represents the 
average of the measures achieved by our approach and the baseline; the 𝑦-axis displays their difference.

Ranking. Crucially, the primary objective of our approach is not to perfectly estimate the transient probability that each individual 
is infectious and not isolated, but rather to accurately identify and rank the most infectious individuals over time. In our targeted 
application scenario, establishing a correct risk hierarchy among subjects is of greater practical significance than precise calibration. 
The ranking global measures obtained in thousands of experiments for diverse social network topologies and densities of internal 
contacts (Tables  6 to 8) show that our approach consistently and significantly outperforms the baseline in terms of rank correlation. 
Specifically, our method achieves remarkably strong monotonic alignment with the ground truth, yielding Kendall and Spearman’s 
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Fig. 7. Bland-Altman plots comparing the performance measures for data sets SW1, SW2, and SW3 (2187 experiments). The 𝑥-axis represents 
the average of the measures achieved by our approach and the baseline; the 𝑦-axis displays their difference.

rank correlation coefficients that hover between 0.55–0.65 and 0.74–0.83, respectively. In contrast, the baseline struggles to maintain 
effective ranking order under complex topologies, with its Kendall and Spearman coefficients dropping as low as 0.33 and 0.40, 
respectively, for the SF3 data set. This robust ranking capability is further confirmed by the Bland-Altman plots (Figs.  5 to 7), 
where the data points lay almost entirely above the 𝑦 = 0 line, showing that our approach consistently yields higher correlation 
coefficients than the baseline across the entire spectrum of experimental configurations. Furthermore, our method shows a very 
good capacity to isolate the highest-risk individuals, as reflected in the top-𝑘 accuracy scores. For instance, for the HB1 data set, our 
18 
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Fig. 8. Experiment achieving the best Brier score on data set HB1 (over 2187 experiments): (a–h) transient probability that each subject is 
infectious not isolated, computed by our approach and the ground truth; (i–p) corresponding reliability diagrams (the 𝑥-axis represents the 
probabilities computed by our approach and the 𝑦-axis represents the ground truth probabilities).

approach achieves a top-1 score of 0.3752 compared to the value of 0.2501 obtained by the baseline. A similarly strong advantage 
is maintained in the SF1 and SW1 data sets, where our top-10 score reaches 0.4759 and 0.5062, respectively, nearly doubling the 
performance of the baseline. In a few cases (e.g., for data set SW3), the baseline achieves better top-𝑘 scores, though still in the 
same order of magnitude as those obtained by our approach.
Sensitivity to the a-priori probability of an observation. In the previous experiments, 𝑃 {𝜔} = 0.5 represents a non-informative 
maximum-entropy prior, expressing the fact that, in the absence of a history of observations, whether an individual observation 
will occur or not remains completely uncertain. To address the potential sensitivity to this parameter, we evaluated performance 
across five evenly spaced values, i.e., 𝑃 {𝜔} ∈ {0.1, 0.3, 0.5, 0.7, 0.9}. As shown in Table  9, the risk ranking measures (i.e., Kendall 
rank correlation coefficient, Spearman’s rank correlation coefficient, and top-𝑘 scores) prove to be remarkably robust to variations in 
𝑃 {𝜔}, due to the fact that 𝑃 {𝜔} serves primarily as a uniform scaling factor across individuals, thus preserving relative risk ordering. 
Furthermore, this stability holds across all considered network topologies, with our approach consistently outperforming the baseline 
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Fig. 9. Experiment achieving the worst Brier score on data set HB1 (over 2187 experiments): (a–h) transient probability that each subject is 
infectious not isolated, computed by our approach and the ground truth; (i–p) corresponding reliability diagrams (the 𝑥-axis represents the 
probabilities computed by our approach and the 𝑦-axis represents the ground truth probabilities).

with statistical significance. Interestingly, while calibration metrics (i.e., Brier score and ECE) remain completely invariant in the 
structured household bubble settings of the HB2 data set, they exhibit mild variation in the less structured topologies of the SF2 
and SW2 data sets, where 𝑃 {𝜔} = 0.5 achieves the optimal calibration performance.
Remarks. Overall, these results highlight that while our approach may exhibit local calibration errors during transient post-peak 
phases, it provides a reliable operational tool for prioritizing isolation and intervention strategies targeting the most infectious 
individuals within a population network. First, we address RQ1 regarding the computational feasibility of our approach. The 
extensive evaluation, encompassing 2187 distinct experiments for each of the 9 data sets and processing large-scale tracking over a 
horizon of more than 2000 time steps, demonstrates that the approach is highly scalable and computationally viable for processing 
a large number of subjects and prolonged observation windows, making it suitable for real-world deployment.

In response to RQ2, our results confirm that, as the number of subjects and observations varies across different social network 
topologies, the approach maintains high and stable performance in correctly ranking individuals according to their true probability of 
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Table 9
Performance measures achieved by our approach and the alternative baseline on data sets HB2, SF2, and SW2 (averages over 2187 experiments) 
for different values of the a-priori probability 𝑃 {𝜔} of an observation 𝜔, i.e., 𝑃 {𝜔} ∈ {0.1, 0.3, 0.5, 0.7, 0.9}. For each measure and each value of 
𝑃 {𝜔}, the best of the two values is indicated in bold, and labeled with an asterisk if the difference is statistically significant according to the 
Wilcoxon signed-rank test (i.e., 𝑝-value < 0.05).
 𝑃 {𝜔} = 0.1 𝑃 {𝜔} = 0.3 𝑃 {𝜔} = 0.5 𝑃 {𝜔} = 0.7 𝑃 {𝜔} = 0.9 Baseline

 Ours sig. Ours sig. Ours sig. Ours sig. Ours sig.  
 

HB2

Brier 𝟎.𝟎𝟏𝟗𝟏 𝟎.𝟎𝟏𝟗𝟏 𝟎.𝟎𝟏𝟗𝟏 𝟎.𝟎𝟏𝟗𝟏 𝟎.𝟎𝟏𝟗𝟏 0.0197 
 ECE 0.0788 ∗ 0.0788 ∗ 0.0787 ∗ 0.0788 ∗ 0.0788 ∗ 𝟎.𝟎𝟕𝟕𝟒  
 Kendall 𝟎.𝟔𝟐𝟑𝟑 ∗ 𝟎.𝟔𝟐𝟑𝟑 ∗ 𝟎.𝟔𝟐𝟑𝟑 ∗ 𝟎.𝟔𝟐𝟑𝟑 ∗ 𝟎.𝟔𝟐𝟑𝟑 ∗ 0.5071 
 Spearman 𝟎.𝟖𝟏𝟎𝟑 ∗ 𝟎.𝟖𝟏𝟎𝟑 ∗ 𝟎.𝟖𝟏𝟎𝟑 ∗ 𝟎.𝟖𝟏𝟎𝟑 ∗ 𝟎.𝟖𝟏𝟎𝟑 ∗ 0.6207 
 Top-1 0.2543 0.2543 0.2543 0.2543 0.2543 𝟎.𝟐𝟔𝟗𝟒  
 Top-2 𝟎.𝟒𝟎𝟏𝟐 ∗ 𝟎.𝟒𝟎𝟏𝟐 ∗ 𝟎.𝟒𝟎𝟏𝟐 ∗ 𝟎.𝟒𝟎𝟏𝟐 ∗ 𝟎.𝟒𝟎𝟏𝟐 ∗ 0.3840 
 Top-3 𝟎.𝟓𝟓𝟓𝟗 ∗ 𝟎.𝟓𝟓𝟓𝟗 ∗ 𝟎.𝟓𝟓𝟓𝟗 ∗ 𝟎.𝟓𝟓𝟓𝟗 ∗ 𝟎.𝟓𝟓𝟓𝟗 ∗ 0.5169 
 Top-4 𝟎.𝟔𝟏𝟕𝟓 ∗ 𝟎.𝟔𝟏𝟕𝟓 ∗ 𝟎.𝟔𝟏𝟕𝟓 ∗ 𝟎.𝟔𝟏𝟕𝟓 ∗ 𝟎.𝟔𝟏𝟕𝟓 ∗ 0.6057 
 

SF2

Brier 0.1524 ∗ 0.1344 ∗ 0.0452 ∗ 0.1354 ∗ 0.1358 ∗ 𝟎.𝟎𝟑𝟗𝟒  
 ECE 0.1237 ∗ 0.1273 ∗ 𝟎.𝟎𝟗𝟕𝟒 ∗ 0.1277 ∗ 0.1276 ∗ 𝟎.𝟏𝟎𝟔𝟑  
 Kendall 𝟎.𝟓𝟗𝟕𝟗 ∗ 𝟎.𝟓𝟗𝟐𝟏 ∗ 𝟎.𝟔𝟏𝟒𝟖 ∗ 𝟎.𝟓𝟖𝟖𝟔 ∗ 𝟎.𝟓𝟖𝟕𝟑 ∗ 0.4004 
 Spearman 𝟎.𝟕𝟖𝟗𝟎 ∗ 𝟎.𝟕𝟖𝟒𝟕 ∗ 𝟎.𝟖𝟎𝟏𝟕 ∗ 𝟎.𝟕𝟖𝟎𝟓 ∗ 𝟎.𝟕𝟕𝟗𝟏 ∗ 0.4905 
 Top-10 𝟎.𝟒𝟐𝟐𝟏 ∗ 𝟎.𝟒𝟏𝟔𝟕 ∗ 𝟎.𝟒𝟒𝟕𝟒 ∗ 𝟎.𝟒𝟐𝟓𝟓 ∗ 𝟎.𝟒𝟐𝟕𝟕 ∗ 0.1894 
 Top-20 𝟎.𝟒𝟓𝟒𝟖 ∗ 𝟎.𝟒𝟔𝟕𝟐 ∗ 𝟎.𝟒𝟕𝟔𝟎 ∗ 𝟎.𝟒𝟔𝟗𝟕 ∗ 𝟎.𝟒𝟔𝟖𝟓 ∗ 0.2821 
 Top-30 𝟎.𝟓𝟎𝟏𝟕 ∗ 𝟎.𝟓𝟎𝟕𝟎 ∗ 𝟎.𝟓𝟏𝟖𝟖 ∗ 𝟎.𝟓𝟎𝟕𝟕 ∗ 𝟎.𝟓𝟎𝟓𝟕 ∗ 0.3629 
 Top-40 𝟎.𝟓𝟒𝟕𝟒 ∗ 𝟎.𝟓𝟒𝟓𝟎 ∗ 𝟎.𝟓𝟖𝟓𝟑 ∗ 𝟎.𝟓𝟒𝟔𝟖 ∗ 𝟎.𝟓𝟒𝟒𝟓 ∗ 0.4481 
 

SW2

Brier 0.2021 ∗ 0.1555 ∗ 0.0475 ∗ 0.1540 ∗ 0.1542 ∗ 𝟎.𝟎𝟑𝟓𝟗  
 ECE 0.1029 ∗ 0.1082 ∗ 𝟎.𝟎𝟗𝟏𝟗 ∗ 0.1097 ∗ 0.1099 ∗ 𝟎.𝟎𝟗𝟗𝟕  
 Kendall 𝟎.𝟓𝟖𝟕𝟗 ∗ 𝟎.𝟔𝟎𝟖𝟖 ∗ 𝟎.𝟔𝟎𝟕𝟔 ∗ 𝟎.𝟔𝟎𝟕𝟗 ∗ 𝟎.𝟔𝟎𝟔𝟏 ∗ 0.4186 
 Spearman 𝟎.𝟕𝟕𝟖𝟗 ∗ 𝟎.𝟖𝟎𝟏𝟖 ∗ 𝟎.𝟕𝟗𝟕𝟔 ∗ 𝟎.𝟖𝟎𝟎𝟔 ∗ 𝟎.𝟕𝟗𝟗𝟎 ∗ 0.5142 
 Top-10 𝟎.𝟑𝟏𝟎𝟖 ∗ 𝟎.𝟑𝟏𝟕𝟒 ∗ 𝟎.𝟑𝟏𝟑𝟖 ∗ 𝟎.𝟑𝟏𝟒𝟏 ∗ 𝟎.𝟑𝟏𝟓𝟗 ∗ 0.1914 
 Top-20 𝟎.𝟑𝟖𝟒𝟖 ∗ 𝟎.𝟑𝟖𝟖𝟏 ∗ 𝟎.𝟑𝟗𝟔𝟕 ∗ 𝟎.𝟑𝟖𝟗𝟎 ∗ 𝟎.𝟑𝟖𝟖𝟐 ∗ 0.3101 
 Top-30 𝟎.𝟒𝟕𝟖𝟖 ∗ 𝟎.𝟒𝟖𝟔𝟎 ∗ 𝟎.𝟒𝟖𝟖𝟐 ∗ 𝟎.𝟒𝟖𝟗𝟗 ∗ 𝟎.𝟒𝟗𝟎𝟔 ∗ 0.4198 
 Top-40 0.5213 ∗ 𝟎.𝟓𝟐𝟗𝟑 ∗ 𝟎.𝟓𝟐𝟗𝟔 ∗ 𝟎.𝟓𝟐𝟖𝟕 ∗ 𝟎.𝟓𝟐𝟔𝟖 ∗ 0.5236 

being infectious and not isolated, achieving robust rank correlation coefficients and top-𝑘 scores. In all these scenarios, the approach 
consistently and significantly outperforms an alternative baseline, even doubling its accuracy measures (e.g., for data sets SF1 and 
SW1).

Finally, we address RQ3 concerning the robustness of our approach when its stochastic parameters are intentionally disturbed 
with respect to the actual ground truth. Notably, the obtained rank-based measures confirm that the approach remains highly 
effective in these scenarios, and the Bland-Altman plots for the Kendall and Spearman’s rank correlation coefficients show that it 
consistently yields better alignment with the ground truth compared to the baseline. According to this, our framework proves to 
be highly resilient, ensuring that miscalibrations in absolute probability values do not compromise the model core utility, i.e., the 
precise prioritization of the most infectious subjects for targeted containment.

5.2. Threats to validity

We discuss the threats to validity by following the classification provided in [55].

• Construct validity: The interpretation of the obtained experimental results may be affected by the quantitative measures used 
to assess the calibration of the computed probabilities (i.e., probability that each subject is infectious and not isolated over 
time) as well as to compare the ranking of the subjects (according to their probability of being infectious and not isolated) 
provided by the ground truth with that provided by our approach or the alternative baseline. To mitigate this threat to construct 
validity, we considered different quantitative measures, capturing different calibration properties (i.e., Brier score and expected 
calibration error) and different aspects of the comparison between two rankings (i.e., Kendall rank correlation coefficient, 
Spearman’s rank correlation coefficient, top-𝑘 scores).

• Internal validity: The proposed approach requires the specification of stochastic parameters, mainly concerned with the 
duration distributions of the evolution phases of an infectious disease in an individual, and with the transient probability 
that an individual has symptoms or is positively tested given an effective contact at a previous time. To mitigate these threats 
to internal validity, we estimated each duration with three distinct probability distributions fitting the lower, mid, and upper 
cases of the variability ranges for the mean value and the coefficient of variation found in the literature on COVID-19. For 
each data set, we performed a sensitivity analysis using the mid-case parameter values for the ground truth derivation and all 
the (37 = 2187) combinations of parameter values for our approach. We performed a sensitivity analysis also with respect to 
the a-priori probability of an observation.
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• External validity: The results of our experimental evaluation may be biased by the data set of observations. To mitigate this 
threat to external validity, we generated nine synthetic data sets of observations (plus three data sets used for hyperparameter 
selection) by varying the number of individuals, the topology of the network of social contacts, and the density of internal 
contacts. Moreover, we also perturbed the data sets to account for noisy, erroneous, and missing observations.

• Reliability: The independent reproduction and verification of our experimental results may require some effort. To mitigate 
this threat to reliability, we made a replication package available open-source, including the generated data sets of observations 
and the stochastic temporal parameters estimated for the steps of disease evolution within an individual, from contact to 
infectiousness. In particular, for each considered scenario, this package easily supports the derivation of a ground truth, the 
execution of our analytical approach and the considered baseline, and the plot of results.

6. Conclusions

We presented an efficient quantitative approach to predict how the risk of infectious disease evolves over time for the individuals 
of a cluster, by exploiting the observations taken up to that time on contacts among individuals, symptoms, and diagnostic test 
results. The solution method iteratively estimates the probability that a subject is infectious and not isolated over time by considering 
an increasingly larger number of internal contacts in the sequence that infected the subject, while disregarding dependencies among 
observations to achieve computational efficiency. Each stochastic temporal parameter used by the approach is carefully estimated 
by three distinct probability distributions fitting the lower, mid, and upper cases of the variability ranges for the mean value and 
the coefficient of variation found in the literature on COVID-19.

To validate the approach, we generated nine synthetic data sets of observations, alongside three additional data sets used for 
hyperparameter selection, varying the number of individuals, the topology of the network of social contacts, and the density of 
internal contacts, while accounting for noisy, erroneous, and missing observations. For each data set, we used the mid-case values 
of the stochastic parameters to derive a ground truth, by performing a stochastic simulation that accounts for dependencies among 
observations. Then, we performed an extensive sensitivity analysis by evaluating thousands of combinations of the values of the 
stochastic parameters within our approach. The experimental results show that our approach is highly accurate at ranking subjects 
according to their transient probability of being infectious and not isolated, notably outperforming an alternative baseline that 
accounts for dependencies among observations (actually disregarded by our solution method) while maintaining a comparable 
runtime.

Thanks to the very low run times, our approach is well suited for online deployment, where run-time changes in individual 
behaviors are taken into account as soon as new observations emerge. However, to fully realize this potential in real-world scenarios, 
future implementation must address the operational delays associated with collecting, curating and digitizing data (e.g., contact logs 
and test results), which actually represent the primary bottleneck. Concurrently, the approach efficiency makes it immediately viable 
for offline applications, including the retrospective reconstruction of infection chains.

The availability of finer statistics for the durations characterizing the infectious disease evolution in an individual would support 
the derivation of more accurate duration distributions, e.g., by fitting the shape of the observed histograms [56,57], enabling full 
exploitation of the proposed approach. Actually, these data have been increasingly collected and published in epidemiological 
studies, especially after the COVID-19 pandemic [54,58,59], though typically made available in aggregate form (e.g., moments) 
rather than as histograms. The approach could also be easily customized to specific infectious diseases by adjusting the structure 
and the parameters of the stochastic model characterizing the infection evolution in an individual.

Appendix. Stochastic simulation for the derivation of a ground truth

Algorithm 1 simulates the evolution of an infection chain modeled by an instance of the metamodel of Fig.  1. Specifically, 
given a metamodel instance 𝜇, a time limit 𝑡max, a sequence of observations 𝜔(𝑡max) ∶= ⟨⟨𝜖𝑖, 𝜏𝑖⟩⟩𝑚𝑖=1 acquired within the interval 
[0, 𝑡max], a time step 𝛥 𝑡, and a number 𝑅 of simulation runs, Algorithm 1 derives, for each subject 𝑠, the probability 𝑃 (𝑠; 𝑡;𝜔(𝑡))
that 𝑠 is infectious not isolated at time 𝑡 given 𝜔(𝑡). To this end, in each simulation run (line 2), the state of each subject is 
represented as the collection of (line 3): (i) the infectiousness state (vector 𝜶), which can be healthy, infected, infectious,
healed, isolated, or positively_tested; (ii) the symptomaticity state (vector 𝜷), which can be developing_symptoms,
symptomatic, asymptomatic, or N/A; (iii) the time to the next infectiousness state (vector 𝜸); and, (iv) the time to the next 
symptomaticity state (vector 𝜹). At the beginning of each run (line 3), the current time is 𝑡 = 0, the index of the next observation 
is 𝑖 = 1 and, for each subject, the infectiousness state is healthy, the symptomaticy state is N/A, and the time to the next 
infectiousness/symptomaticity state is ∞. In each system state (collecting the states of all subjects), the next event can be: (i) a 
transition in the infectiousness state of a subject; (ii) a transition in the symptomaticity state of a subject; or, (iii) an observation. 
Thus, time 𝑡 is repeatedly advanced to a time 𝑡′ (lines 4–57) such that the duration 𝑡′ − 𝑡 is the minimum among: (i) the minimum 
time 𝑐 to next infectiousness state of any subject; (ii) the minimum time 𝑑 to the next symptomaticity state of any subject; and, 
(iii) the time 𝜏𝑖 − 𝑡 to the next observation. In particular:

• If the next event is a transition from the infectiousness state 𝜶(𝑎) of a subject 𝑎 (i.e., 𝑐′ ⩽ 𝑑′ ∧ 𝑐′ ⩽ 𝜏𝑖− 𝑡, lines 6–26), then such 
state can be infected, infectious or positively_tested (as a transition from healthy can be due to an effective 
contact only, and healed and isolated are terminating states).
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– If 𝜶(𝑎) is infected (line 7), then 𝑎 becomes infectious (line 8). If the symptomaticity state 𝜷(𝑎) of 𝑎 is
developing_symptoms, then the time 𝜸(𝑎) to the next infectiousness state is set to ∞, as no transition is possible 
from this state until when 𝑎 becomes symptomatic, and the time 𝜹(𝑎) to the next symptomaticity state is reduced by 
𝑐 (lines 10–11); otherwise, if 𝜷(𝑎) is symptomatic or symptomatic, then 𝜸(𝑎) is sampled from the PDF of the time 
from symptoms onset to isolation (lines 12–13), i.e., mid (green) curve in Fig.  3(c), or from the PDF of the time from 
infectiousness to healing (lines 14–15), i.e., mid (green) curve in Fig.  3(d), respectively.

– If 𝜶(𝑎) is infectious (line 16), then it becomes either isolated, if 𝜷(𝑎) is symptomatic (lines 17–18), or healed, 
if 𝜷(𝑎) is asymptomatic (lines 19–20). In both cases, the time 𝜸(𝑎) to the next infectiousness state becomes ∞, as
healed and isolated are terminating states (line 21).

– If 𝜶(𝑎) is positively_tested (line 22), then 𝑎 becomes isolated (line 23) and, as in the previous case, the time 
𝜸(𝑎) to the next infectiousness state becomes ∞ (line 24).

– In all three cases, the time to the next infectiousness/symptomaticity state of any subject other than 𝑎 is reduced by 𝑐
(line 25) and time is advanced by 𝑐 (line 26).

Algorithm 1: Ground truth simulation of the evolution of an infection chain 
Simulation(𝜇, 𝑡max , 𝜔(𝑡max), 𝛥 𝑡, 𝑅max , 𝑅batch , BS)

input : metamodel instance 𝜇; time limit 𝑡max ; observation sequence 𝜔(𝑡max) ∶= ⟨⟨𝜖𝑖 , 𝜏𝑖⟩⟩𝑚𝑖=1 taken within [0, 𝑡max];
time step 𝛥 𝑡; maximum number of simulation runs 𝑅max , batch size 𝑅batch , threshold 𝐵𝑆 on the Brier score

output: for each subject 𝑠, probability 𝑃 (𝑠, 𝑡, 𝜔(𝑡)) that 𝑠 is infectious not isolated at time 𝑡 given 𝜔(𝑡)
1 𝑆 ← number of subjects, 𝑇 ← 𝑡max∕𝛥 𝑡 + 1 (number of time points), 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔 ← [0]𝑆×𝑇
2 do
3 𝑟𝑢𝑛← 1 (current run), 𝑡 ← 0 (current time), 𝑖← 1 (current observation index),                                         𝜶 ← [healthy]𝑆×1 (current infectiousness states), 

𝜷 ← [N/A]𝑆×1 (current symptomaticity states),                                 𝜸, 𝜹 ← [∞]𝑆×1 (current times to the next infectiousness/symptomaticity states)
4 do
5 𝑎← argmin𝑠{𝜸(𝑠)}, 𝑏← argmin𝑠{𝜹(𝑠)}, 𝑐 ← 𝜸(𝑎), 𝑑 ← 𝜹(𝑏), 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔′ ← [0]𝑆×𝑇
6 if 𝑐 ⩽ 𝑑 ∧ 𝑐 ⩽ 𝜏𝑖 − 𝑡 then
7 if 𝜶(𝑎) is infected then
8 𝜶(𝑎) ← infectious
9 if 𝜷(𝑎) is developing_symptoms then
10 𝜸(𝑎) ← ∞
11 reduce 𝜹(𝑎) by 𝑐
12 if 𝜷(𝑎) is symptomatic then
13 𝜸(𝑎) ← sample of the PDF of the time from symptoms onset to isolation
14 if 𝜷(𝑎) is asymptomatic then
15 𝜸(𝑎) ← sample of the PDF of the time from infectiousness to healing in asymptomatic subjects
16 if 𝜶(𝑎) is infectious then
17 if 𝜷(𝑎) is symptomatic then
18 𝜶(𝑎) ← isolated
19 if 𝜷(𝑎) is asymptomatic then
20 𝜶(𝑎) ← healed
21 𝜸(𝑎) ← ∞
22 if 𝜶(𝑎) is positively_tested then
23 𝜶(𝑎) ← isolated
24 𝜸(𝑎) ← ∞
25 reduce the time to the next infectiousness/symptomaticity state of any subject ≠ 𝑎 by 𝑐
26 𝑡′ ← 𝑡 + 𝑐
27 else
28 if 𝑑 ⩽ 𝑐 ∧ 𝑑 ⩽ 𝜏𝑖 − 𝑡 then
29 𝜷(𝑏) ← symptomatic
30 𝜹(𝑏) ← ∞
31 if 𝜶(𝑏) is infected then
32 reduce 𝜸(𝑏) by 𝑑′
33 if 𝜶(𝑏) is infectious then
34 𝜸(𝑏) ← sample of the PDF of the time from symptoms onset to isolation
35 reduce the time to the next infectiousness/symptomaticity state of any subject ≠ 𝑏 by 𝑑
36 𝑡′ ← 𝑡 + 𝑑
37 else
38 if 𝜖𝑖 is a contact with an infectious or positively_tested subject then
39 foreach healthy subject 𝑠 involved in the contact do
40 if rand(0, 1) ⩽ risk factor 𝑟(𝜖𝑖 ) then
41 𝜶(𝑠) ← infected
42 𝜸(𝑠) ← sample of the PDF of the time from infection to infectiousness
43 if rand(0, 1) ⩽ probability of developing symptoms then
44 𝜷(𝑠) ← developing_symptoms
45 𝜹(𝑠) ← sample of the PDF of the time from infection to symptoms onset
46 else
47 𝜷(𝑠) ← asymptomatic
48 if 𝜖𝑖 is the positive outcome of a test of a subject 𝑠 then
49 𝜶(𝑠) ← positively_tested
50 𝜸(𝑠) ← sample of the PDF of the time from positive test to isolation
51 𝜷(𝑠) ← N/A
52 𝜹(𝑠) ← ∞
53 reduce the time to the next (infectiousness/symptomaticity) state of any subject by 𝜏𝑖 − 𝑡
54 𝑡′ ← 𝜏𝑖
55 𝑖← 𝑖 + 1
56 foreach infectious subject 𝑠 in [𝑡, 𝑡′] do
57 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔′(𝑠, 𝑧) ← 1 ∀ 𝑧 ∈ [𝑡∕𝛥 𝑡 + 1, 𝑡′∕𝛥 𝑡 + 1]
58 𝑡 ← 𝑡′

59 while 𝑡 ⩽ 𝑡max ∧ 𝑖 ⩽ 𝑚;
60 𝑟𝑢𝑛← 𝑟𝑢𝑛 + 1
61 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔 ← 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔 + 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔′
62 if runs%𝑅batch == 0 then
63 foreach subject 𝑠, time point 𝑡 do
64 𝒑𝒓𝒆𝒗𝒊𝒐𝒖𝒔_𝒑𝒓𝒐𝒃𝒔(𝑠, 𝑡) ← 𝒑𝒓𝒐𝒃𝒔(𝑠, 𝑡)
65 𝒑𝒓𝒐𝒃𝒔(𝑠, 𝑡) ← 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔(𝑠, 𝑡)∕𝑟𝑢𝑛
66 while run < 𝑅max ∧ (run%𝑅batch == 0 ∧ Brier score of probs and previous_probs > BS for some subject);
67 return 𝒑𝒓𝒐𝒃𝒔
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• If the next event is a transition from the symptomaticity state of a subject 𝑏 (i.e., 𝑑 ⩽ 𝑐 ∧ 𝑑 ⩽ 𝜏𝑖 − 𝑡, lines 28–36), then such 
state is developing_symptoms and becomes symptomatic (line 29). As no transition is possible from this state, the time 
𝜹(𝑏) to the next symptomaticity state is set to ∞ (line 30). If the infectiousness state 𝜶(𝑏) of 𝑏 is infected, then the time 𝜸(𝑏)
to the next infectiousness state is reduced by 𝑑 (lines 31–32); otherwise, if 𝜶(𝑏) is infectious, then 𝜸(𝒃) is sampled from 
the PDF of the time from symptoms onset to isolation (lines 33–34), i.e., mid (green) curve in Fig.  3(c). In both cases, the time 
to the next infectiousness/symptomaticity state of any subject other than 𝑏 is reduced by 𝑑 (line 35) and time is advanced by 
we advance time by 𝑑 (line 36).

• If the next event is an observation ⟨𝜖𝑖, 𝜏𝑖⟩ (i.e., 𝜏𝑖 − 𝑡 ⩽ 𝑐 ∧ 𝜏𝑖 − 𝑡 ⩽ 𝑑, lines 38–55), then we distinguish the observation 
type. If the observation is a contact 𝜖𝑖 involving an infectious or positively_tested subject (lines 38–47), then each 
involved healthy subject 𝑠 may become infected with a probability equal to the risk factor 𝑟(𝜖𝑖) of the contact (lines 39–40), 
annotated within the observation (as specified by the metamodel of Fig.  1). In this case, the infectiousness state of subject 𝑠
becomes infected (line 41), and the time 𝜸(𝑠) to the next infectiousness is sampled from the PDF of the time from infection to 
infectiousness (line 42), i.e., mid (green) curve in Fig.  3(a); moreover, with probability equal to the probability that an infected 
subject develops symptoms, subject 𝑠 becomes symptomatic and the time 𝜹(𝑠) to the next symptomaticity state is sampled 
from the PDF of the time from infection to symptoms onset (lines 43–45); otherwise, subject 𝑠 becomes asymptomatic
(lines 46–47).
Otherwise, if the observation is the positive outcome of a test of a subject 𝑠 (lines 48–52), then the infectiousness state 𝜶(𝑠)
of 𝑠 becomes positively_tested (line 49), the time 𝜸(𝑠) to the next infectiousness state is sampled from the PDF of the 
time from positive test to isolation (line 50), i.e., mid (green) curve in Fig.  3(c), the symptomaticity state 𝜷(𝑠) is set to N/A
(line 51), and 𝜹(𝑠) is set to ∞ (line 52) as the symptomaticity state is not relevant given the positive test result.
In both cases, the time to the infectiousness/symptomaticity state of any subject is reduced by the time 𝜏𝑖 − 𝑡 elapsed since the 
last event (line 53), time is advanced by 𝜏𝑖 − 𝑡 (line 54), and the index of the next observation becomes 𝑖 + 1 (line 55).

Next, we take note of which subjects are infectious and not isolated within the time interval [𝑡, 𝑡′] between the last two 
events, by setting the corresponding entries of a matrix 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔′ equal to 1 (lines 56–57). At the end of each simulation run 
(line 60), this matrix is added to a matrix 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔 (line 61).

When the number of runs is a multiple of the batch size 𝑅batch, then, for each subject 𝑠, we obtain the probability 𝑃 (𝑠; 𝑡;𝜔(𝑡)) that 
𝑠 is infectious not isolated at time 𝑡 given the observation sequence 𝜔(𝑡), by dividing each entry of matrix 𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒔 by the number 
of executed runs (lines 62–65). Finally, simulation ends (line 65) when the number of executed runs is equal to 𝑅max or when, for 
each subject 𝑠, the Brier score of the probabilities 𝑃 (𝑠, 𝑡, 𝜔(𝑡)) computed at the end of the last two batches is lower than the threshold 
𝐵𝑆.

For each data set considered in our experiments, we derive a ground truth by performing Algorithm 1 with maximum number 
of runs 𝑅max = 100 000, batch size 𝑅batch = 1000, and threshold 𝐵𝑆 = 10−8.

Data availability

We have provided a replication package, which is publicly available open source under the AGPLv3 licence at https://doi.org/
10.5281/zenodo.21559792.
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