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Abstract: To mitigate the spread of contagious diseases, there is an ongoing discussion surrounding interven-
tions that strategically target individuals who, due to their social network position, are responsible for more
infections than others. However, the practical identification of these individuals using conventional network
metrics is considerably challenging due to the lack of required data. A potential remedy to this quandary is
the development of easily observable proxy metrics for measuring influential spreading. This study aims to as-
sess the viability of such an approach using the example of contact tracing. Utilizing an empirically calibrated
agent-based model, the study investigates the extent to which the efficacy of contact tracing can be enhanced
by prioritizing influential spreaders, identified using age and household size as proxy measures. The results
reveal that the effectiveness of contact tracing is significantly influenced by whose contacts are traced. When
the contacts of those causing the most infections are traced, it can substantially enhance the efficacy of contact
tracing, even when they are identified solely based on proxy metrics such as age and household size. For the
examined case of the German state of Baden-Württemberg, it appears that middle-aged individuals residing in
larger households are responsible for most infections. Therefore, prioritizing contact tracing for this specific
demographic group seems to be a robust strategy to improve contact tracing. Overall, the results support the
potential of the proposed approach to reduce the overall societal costs of non-pharmaceutical interventions
while increasing their impact. Further empirical testing of the approach appears worthwhile.

Keywords: Agent-Based Model, Infectious Disease, Super-Spreaders, COVID-19, Contact Tracing, Focused In-
terventions

Introduction

1.1 Pandemics are among the most significant challenges for modern societies. Besides the direct damage to peo-
ple’s health, there are enormous societal consequences due to, for instance, overburdened healthcare systems
or the unintended side-effects of non-pharmaceutical interventions (NPIs). During the COVID-19 pandemic, for
example, rigid NPIs saved many lives on the one hand, but on the other hand, they also had a strong negative
impact on the economy, labor markets, people’s physical and mental health (Nishi et al. 2020; Polyakova et al.
2020; Sharma et al. 2021; Coibion et al. 2020; Brooks et al. 2020; Lippi et al. 2020; Bradbury-Jones & Isham 2020).
Given that pandemics are more likely to occur in the future (Keesing et al. 2010; Dodds 2019), it appears neces-
sary to develop efficient counter-measures that have a high negative impact on the number of infections while
having a low negative impact on people’s quality of life and economic prosperity.

1.2 The intention to develop efficient counter-measures to fight the spread of infectious diseases is not new, but
its importance was again highlighted due to the appearance of COVID-19. One often repeated suggestion is
the development of highly targeted counter-measures that focus only on parts of the population with the most
significant impact on the spread of the infectious disease due to their specific network position or behavior
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(Woolhouse et al. 1997; Dezső & Barabási 2002; Pastor-Satorras & Vespignani 2002; Pellis et al. 2015; Herrmann
& Schwartz 2020; Manzo & van de Rijt 2020; Vermeulen et al. 2021; Nunner et al. 2022; Wei et al. 2022). The broad
idea is to identify such influential spreaders using some measure of node influence and then alter the network
structure in order to reduce their impact on the course of the pandemic.

1.3 However, although there are numerous methods to identify influential nodes in a (social) network at hand1 (Zhu
& Wang 2021), the approach appears unfeasible in real-world epidemics (Pellis et al. 2015; Nunner et al. 2022).
In most cases, it is simply impossible to measure node influence in the context of a spreading disease because
there is not enough data on the (potentially global) contact network in which the pathogen is spreading (Pellis
et al. 2015; Nunner et al. 2022). Hence, to make that unquestionably promising approach of targeting highly
influential spreaders feasible, it is further suggested to search for alternative characteristics, especially socio-
demographic ones, that correlate with influential spreading and are easy to observe in the real world (Pellis
et al. 2015; Nunner et al. 2022).

1.4 Until now, only relatively few studies exist testing this approach. There are, for instance, studies that show the
usefulness of interventions that focus on certain occupations in the context of sexually transmitted infections
(Mishra et al. 2012) or COVID-19 (Nunner et al. 2022). Other studies used age as a proxy measure for high degree
and high vulnerability to test different prioritization strategies in the context of vaccination campaigns against
COVID-19 and other respiratory infectious diseases (Bansal et al. 2006; Ben-Zuk et al. 2022; Bubar et al. 2021;
Matrajt et al. 2021; Moore et al. 2021). Given the current state of research, it appears necessary to conduct more
research testing the approach of focused interventions that rely on proxy measures of influential spreading
(Pellis et al. 2015). This study aims to further investigate the potential of the suggested approach by extending
the range of examined proxy measures and interventions. Using an empirically calibrated agent-based simula-
tion model2, we investigate the potential of optimizing contact tracing (CT) by prioritizing influential spreaders.
Those influential spreaders are identified using age and household size.

1.5 Examining the optimization of CT is especially interesting because of its high resource intensity. Although dig-
ital types of CT exist, in many countries, such as Germany, manual CT, in which local public health authorities
interview the infected, trace their contacts, and monitor quarantine compliance, is still the predominant type
of CT. In addition, in contrast to interventions like vaccinations, CT does not offer any protection to the infected
but only to the contacts of the infected or the contacts of the contacts of the infected. Hence, known strategies
like prioritizing the oldest to reduce hospitalizations, as it is effective for vaccination campaigns (Ben-Zuk et al.
2022; Bubar et al. 2021; Matrajt et al. 2021; Moore et al. 2021), appear to be insufficient in the context of CT.

1.6 This study uses age and household size as socio-demographic predictors to identify influential spreaders be-
cause they are easy to observe in the real world, thus ensuring the approach’s feasibility. In addition, there is
research showing the importance of both variables regarding the vulnerability to infectious respiratory diseases
(Wachtler et al. 2020; Hoebel et al. 2022; Martin et al. 2020; Cardoso et al. 2004; Nafilyan et al. 2021), which sug-
gests that they might also be crucial to the spreading of contagious diseases. Furthermore, the existing research
and data allow us to validate the simulation results concerning those two predictors partly.

1.7 Building on the foundations laid by Kaffai & Heiberger (2021), the agent-based model is calibrated to the federal
state of Baden-Württemberg, Germany, and has a fine-grained micro-level representation with a representative
distribution of agent attributes and a representative contact network. To attain a detailed representation of the
micro-level, we construct the population of agents directly from the data of complete households of survey
participants provided by the German Socio-Economic Panel (Goebel et al. 2019). Hence, many of the attributes
of an agent (e.g., age, gender, working hours, economic sector) correspond to the characteristics of a specific
survey participant. Furthermore, due to the data on complete households, the household composition for each
agent is fully known so that the closest contact network can be modeled with a solid empirical foundation.

1.8 To ensure that the pathogen’s behavior in the simulation is as realistic as possible and based on current, com-
prehensive data, its characteristics were chosen with reference to the COVID-19 virus. However, COVID-19 serves
solely as a reference for obtaining realistic parameter values. In a sensitivity analysis, we vary relevant pathogen
properties to assess whether the results of our analysis also hold for pathogens with different characteristics.

1.9 The results support the potential of the proposed approach to increase the impact of counter-measures against
infectious diseases. For Baden-Württemberg, age and household size seem suitable for singling out individuals
who markedly contribute to escalated infection rates compared to others. Focusing CT efforts on these individu-
als can amplify the impact of CT measures significantly. However, when using the wrong prioritization strategy,
the effectiveness of CT can also be dramatically decreased. Overall, it seems to make a big difference whose
contacts are traced, and it is worth paying closer attention to which contacts are traced in order to protect the
health of the population and use resources efficiently.
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Methods

2.1 The goal of this study is to answer the question whether CT can be optimized by targeting only those individuals
– and their contacts – that are identified as causing the most infections according to their age and household
size. This research question affords a two-step analysis.

1. The first step is to determine in what way age and household size can predict the number of infections
caused. To investigate this relationship, we use an empirically-calibrated agent-based model which sim-
ulates the spread of an infectious disease within an agent population with realistic socio-demographic
characteristics. We analyze the simulated micro-level data using a negative-binomial regression model.

2. In a second step, we utilize the results from the first analysis step to extend the agent-based model with
contact tracing that targets agents and their contacts according to their socio-demographic characteris-
tics. In simulation experiments, we compare the efficacy of contact tracing under different prioritization
strategies focused on age and household size.

2.2 The following sections provide details on the agent-based model, the implementation of the targeted contact-
tracing, the validation and calibration procedures and the setup of the simulation experiments.

The agent-based model

2.3 The main part of the analyses in this study is conducted using an agent-based model based on an earlier model
developed by Kaffai & Heiberger (2021) in the programming language Python. The model simulates the spread
of a contagious disease in a society of people living their daily life. The main model procedures are agents visit-
ing various locations, encountering other agents at those locations, infecting encountered agents, or becoming
infected. Furthermore, the agents and the contacts of a selected proportion of agents can be traced and quar-
antined. In the following, the model components and mechanisms are described in detail.

Overview of the simulated entities

2.4 The artificial world of the agent-based model consists of three main entities: agents, locations, and pathogens.
• Agents represent people living their daily life, including various activities. The agent-specific daily sched-

ule of performed actions depends on the individual characteristics of an agent (e.g., age, work hours,
occupation, infection status) and the state of the global environment (e.g., time). The individual values
of the agents’ attributes are mostly taken directly from the GSOEP, i.e., each agent represents a survey
respondent in regard to their attributes. One of the most important properties of an agent is also a cer-
tain disease state. Agents can be, for instance, susceptible, infectious or immune. Furthermore, agents
are able to remember whom they met and for how long during the past three days.

• Locations represent places where agents carry out their daily activities and engage in interpersonal in-
teractions.3 The purpose of the locations in the model is to generate a realistic population-wide contact-
network between the agents. The model incorporates various key locations, including individuals’ res-
idences, workplaces, school classes, kindergarten groups, university seminars, supermarkets, places of
social gathering, and venues for chance encounters. Agents are assigned to specific locations based on
their attribute values. Each location has specific rules that define what conditions an agent must meet in
terms of attribute values in order to be assigned to that location. Because most locations in the model
bring together agents based on similar values on specific attributes, the main mechanism to generate
edges between agents is homophily (McPherson et al. 2001). For instance, locations of the type work
place are only visited by people working in the same economic sector, distinguished by the NACE Rev.
2 classification. Intra-location interactions between agents take place through a regular random graph,
where the number of ties per agent is defined by the specific location rules. The size of a location in
terms of assigned agents is determined either based on empirical micro data (GSOEP), average values
taken from empirical macro data or based on reasonable assumptions.

• Pathogens represent a virus spreading through the artificial society of agents. The pathogen is transmit-
ted with a calibrated probability from an infectious agent to a susceptible agent, if these agents encounter
each other at a location. If an agent gets infected by the pathogen, it causes an infectious disease in the
agent’s body and triggers a multistage disease process. Although the aim of this study is to produce results
that are quite general for a wide range of infectious respiratory diseases, the properties of the pathogen
and the disease process are oriented and calibrated to SARS-CoV-2 and COVID-19.
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Initialization

2.5 The first step of each run of the simulation model is to initialize the population of agents based on survey data
from the GSOEP (SOEP 2021). With approximately 30,000 individuals nested in nearly 15,000 households, the
GSOEP provides representative data on socio-demographic characteristics, attitudes, and the everyday life of
the German population. In addition, the GSOEP has one significant advantage over most other survey studies:
It samples households and collects detailed individual data on every person living in that household. In this
way, the GSOEP records the most important part of the social network (McPherson et al. 2006) for each person
surveyed. This, in turn, allows us to reconstruct the most important parts of the overall social contact network
– people living in households – directly from empirical data. For this study, we use the 2018 data collected only
in the federal state of Baden-Württemberg to build a model that accounts for small-scale characteristics of the
social structure (Buckee et al. 2021). As we construct the households of the agents from empirical households
included in the GSOEP, we only use data from households where no household member has missing data on
relevant variables. Thus, we exclude 1.21% of the 2018 Baden-Württemberg data due to missing values.

2.6 To create the population of agents, we draw a random sample (with replacement) of households from the
GSOEP until a population size of 10,000 agents is reached. During this sampling procedure, we apply house-
hold level post-stratification weights adjusted for Baden-Württemberg. Each household of survey participants
sampled from the GSOEP is used to create a household of agents, where each agent represents one household
member. After creating the agent population, the set of locations is built. First, a home location is created for
each agent household, where household members default to during the simulation. Locations of other types
are built during the following routine: For each type of location, a set of rules determines which agents get as-
signed to this type of location based on the attributes of the agents. Based on the number of assigned agents
and the location size, the number of locations of this type is calculated. When the set of locations is created, for
each type of location, the agents are allocated randomly to one concrete location of each location type they are
assigned to.4 Finally, before the main simulation loop starts, a subset of the agent population is selected ran-
domly and exposed to the virus to start the pandemic. The amount of initially exposed agents proportionally
reflects the age-specific 7-day-incidence rates empirically observed on the first simulated day (June 1, 2022)
and is based on data by the Robert Koch-Institute (Robert-Koch-Institut 2025).

Main simulation loop: Location visits, pathogen transmission and disease progression

2.7 Each simulation run simulates a period of two months of virus spreading (June and July 2022) in Baden-
Württemberg. Each iteration of the main simulation loop represents one day. First, every agent visits those
locations for a specified amount of time, which the agent is assigned to, and where the condition defined by
the location is met for this day. When all agents are done with their daily visits, a weighted bipartite network of
agents and locations is constructed based on the time an agent spends at each location. To determine who met
who this day and calculate the corresponding duration of contact between two agents, the weighted bipartite
network is projected into a weighted unipartite agent-to-agent network. The following procedure determines
the contact duration: For each pair of agents, it is assessed whether they visited the same location that day and
if they had contact with each other while visiting the same location. Whether they had contact with each other
depends on the specific structure of the random regular graph within a location and the specific network posi-
tion within that graph. If agent i and agent j had contact with each other on location l, cijl is set to 1, otherwise,
it is set to 0. The contact intensity between agent i and agent j at location l is then further determined either
by:

wijl = cijl ∗
min(wil, wjl)

m
(1)

or by:
wijl = cijl ∗

wil ∗ wjl

m2
(2)

where wil is the number of hours agent i visited location l, wjl is the number of hours agent j visited location
l, and m is the maximum amount of hours a location could be visited per day (in this study, m is always set to
24).

2.8 Equation 1 is used if it is assumed that agent i and agent j visit location l simultaneously (e.g., classmates).
Equation 2 is used if it is assumed that the agents visit the location independently from each other and at a
completely random time of the day (e.g., people at the supermarket).

2.9 If agent i is in an infectious disease state and agent j is susceptible, the agent- and location-specific contact
intensity wijl is used to determine a transmission probability pij , in order to decide whether a transmission
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of the pathogen from agent i to agent j happens on that simulated day. The transmission probability pij is
determined by:

pij =

n∑
l=0

wijl ∗ t ∗ sj (3)

where t is a calibrated transmission factor and sj is an age-specific susceptibility factor of the susceptible agent
(taken from Kerr et al. 2021; see Table 1). To consider that agent i and agent j can encounter each other on n
locations, the product in Equation 3 is summed over all n locations.

2.10 Every successful transmission triggers a multi-stage disease progression that includes exposed, asymptomatic
infectious, symptomatic ill (infectious), asymptomatic ill (not infectious), severe symptoms (hospitalized), and
recovered. The disease progression is based on Klüsener et al. (2020) and Kerr et al. (2021). To increase realism,
for each agent, we add a random integer between -1 and 1 to each listed time span. Hence, every time span is
an average value while the actual value for each agent can either last exactly the specified value, be one day
shorter, or be one day longer, each with equal probability.

2.11 Figure 1 provides an overview of the possible courses of the disease. When the pathogen is successfully trans-
mitted, the former susceptible agent is exposed to the virus. During this phase, the agent is neither infectious
nor symptomatic. After an average of three days, an exposed agent becomes asymptomatically infectious for an
average of two5 days. Subsequently, an age-specific probability determines whether the agent develops symp-
toms or not (see Table 1). In both cases, the agent stays infected for eight days on average. While symptomatic
cases remain infectious, asymptomatic cases lose their infectivity again after the previous two-day infectious
phase. We assume that symptomatic agents stay at home for the rest of the symptomatic phase to cure their
symptoms. Asymptomatic ill agents turn into recovered agents after an average of eight days, while for symp-
tomatic ill agents, there is an age-specific probability of developing severe symptoms with the necessity to be
hospitalized (see Table 1). Since deaths are not considered in this model, we assume that even agents showing
severe symptoms recover after a period of 14 days.

Figure 1: Disease progression. Outlines the different stages of disease that agents may be in, as well as the
possible paths that the disease progression may take. All stages in which agents are infectious are displayed in
red. Yellow are all stages in which the agent is currently infected but not infectious. The different states, time
spans and probabilities are based on Klüsener et al. (2020) and Kerr et al. (2021).

0–9 10–19 20–29 30–39 40–49 50–59 60–69 70–79 80–89 90+
Susceptibility (sj ) 0.34 0.67 1 1 1 1 1 1.24 1.47 1.47
Symptom probability (y) 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.90
Hospitalization probability (h) 0.00050 0.00165 0.00720 0.02080 0.03430 0.07650 0.13280 0.20655 0.24570 0.24570

Table 1: Age-specific disease parameters. Shows age-specific parameter values used to determine pathogen
transmission and the development of (severe) symptoms. All values are taken from Kerr et al. (2021).

Intervention

2.12 The model as previously described can be considered as the base model in which no organized intervention
against the spread of the infectious disease is implemented. In the following, we describe which further mech-
anisms are added to the model in order to implement targeted contact tracing.

2.13 In the case contact tracing is activated, a specific proportion of agents is selected as the prioritized agents be-
fore each simulation run. The proportion of agents selected as prioritized agents is systematically varied during
the simulation experiments. The way those prioritized agents are selected is determined by the applied priori-
tization strategy. The baseline prioritization strategy selects a certain proportion of agents at random. All other
prioritization strategies first sort the agents based on a specific agent attribute and then select a certain pro-
portion of agents with the highest or lowest values on that attribute.6
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2.14 The following list gives an overview of how the agents are prioritized in each strategy.
1. Random: Randomly selected agents are prioritized. This strategy serves as the reference for all other

strategies.

2. HH+Age: Using Model 3 in Table 3, only those agents for whom the highest number of caused infections
is estimated based on age and household size are prioritized.

3. HH: Using Model 1 in Table 3, only agents for whom the highest number of caused infections is estimated
based on household size are prioritized. Since it has been empirically shown that large and crowded
households are a risk factor for infection with respiratory infectious diseases (Martin et al. 2020; Cardoso
et al. 2004; Nafilyan et al. 2021), this strategy also has an empirical rationale.

4. Age: Using Model 2 in Table 3, only agents within the age groups with the highest expected number of
caused infections are prioritized.

5. Inc. sim.: Only agents that are in the age groups with the highest COVID-19 incidence in the simulation
(see Panel C in Figure 5) are prioritized. This strategy is based on the observation that the incidence within
the age groups strongly correlates with the number of caused infections per age group. Since incidences
are more observable empirically than the number of infections caused, and this information does not
require simulated data, the approach could be significantly more practical and reliable.

6. Inc. emp.: Only those agents that are in the age groups with the highest empirical COVID-19 incidence
during the simulated period (see Panel C in Figure 5) are prioritized. This strategy further examines the
strategy of targeting the age groups with the highest incidences by using empirical incidences.

7. Young: Only the youngest agents are prioritized. Prioritizing the youngest people is a frequently discussed
strategy for vaccination campaigns (Trad & El Falou 2022; Matrajt et al. 2021). Since this strategy does not
target the most influential or the most vulnerable group of agents, it can be considered as an additional
reference strategy to better assess the impact of the other strategies.

8. Old: Only the oldest agents are prioritized. Prioritizing the oldest people is a common strategy within
the context of vaccination campaigns to reduce hospitalizations (Ben-Zuk et al. 2022; Bubar et al. 2021;
Matrajt et al. 2021; Moore et al. 2021).

2.15 During the simulation, the infection status of all prioritized agents is monitored. As soon as a prioritized agent is
showing symptoms, the contact tracing procedure is activated for this agent. The first step is to check whether
there are still enough contact tracing capacities available. We allow a maximum of 500 tracings per 100,000
agents per 7 days.7 If the number of agents currently quarantined is smaller than this value, the following addi-
tional steps are executed: First, this agent stays at home for 10 days and the probability that this agent infects
a household member during an encountering is reduced by 75%8 to model that the agent tries to isolate it-
self within the household. Subsequently, 80%9 of the contacts the prioritized agent had the most contact with
during the last three days (today, yesterday, the day before yesterday) are identified. If there are enough CT ca-
pacities left, those identified agents are then isolated the same way as the prioritized agent: They stay at home
for 10 days and the infection probability per encountering is reduced by 75%. Figure 2 visualizes the described
intervention procedure. As shown in Figure 2, the self-isolation of symptomatic agents is an independent pro-
cess carried out by all symptomatically ill agents, regardless of whether they are traced or not.

Figure 2: Behavior change related to symptomatic infection and contact tracing. Describes how agents adapt
their behavior upon developing symptoms and in the presence of active contact tracing.
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Replications and aggregation

2.16 Due to the stochastic components of the model, simulations are always executed in batches of 50 runs. For
each batch, a population of 10,000 agents is created and used consistently across all 50 runs. While the agent
population remains the same within each batch, the initially infected individuals are independently sampled in
each run. After all replications within a batch have completed, agent-level attributes are averaged. As a result,
each batch yields a single population of 10,000 agents with average values for attributes that are dynamically
generated during the simulation (e.g., the number of infections caused directly or indirectly). During the cali-
bration process, a single batch of 50 runs was sufficient to produce stable results when reproducing empirical
case numbers (see Figure 10 in the Appendix). However, to obtain stable coefficients in the regression analy-
sis, we use 30 different batches of 50 runs (see Figure 11 in the Appendix). In the simulation experiments that
examine the efficacy of different contact tracing strategies, we use 50 such batches for each combination of
parameters (see the Figures 12 and 13 in the Appendix).

Calibration and validation

2.17 The simulation model is validated and empirically calibrated mainly in respect to four different aspects: the dis-
tribution of agent-level and household-level characteristics, age-group-specific contact patterns, the number
of COVID-19 cases over time and age-group-specific infection frequencies.

Population characteristics

2.18 In order to ensure that the population of agents is representative for the real population of Baden-Württemberg,
we validate the distributions of certain agent- and household-level attributes. Figure 3 compares the popula-
tion of agents, which has been created based on the GSOEP, with empirical data on the population of Baden-
Württemberg from the German Federal Statistical Office in regard to the distribution of age, gender, and house-
hold size. The characteristics of the simulated population closely match the empirical distributions.

Figure 3: Population validation. The Panels A, B, and C compare empirical data on the population of Baden-
Württemberg taken from the German Federal Statistical Office (Destatis 2022a; Statistisches Landesamt Baden-
Württemberg 2020; Destatis 2022b) and the simulated populations of agents, which are based on samples from
the German Socio-Economic Panel (SOEP 2021).

Definition of locations

2.19 While the representativeness of characteristics at the agent and household level is ensured by using representa-
tive survey data, this is not the case for the representativeness of the contact network in the population. Rather,
the contact network requires a calibration procedure which relies on the definition of the simulated locations.
First, the most important places that people visit in their everyday lives were identified. These include house-
holds, age-group-specific kindergarten groups, age-specific school classes, university seminars, sector-specific
workplaces and shops. In addition, unspecified places where friends meet and places where random contacts
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occur were included. Whenever possible, the characteristics of the places and the individual usage character-
istics of the agents in relation to specific places were taken from the GSOEP. Otherwise, we rely on empirical
average values or assumptions. Table 2 lists the locations and their attribute values. For all locations except
households, there are two additional visit conditions: Agents do not visit the location if they are either cur-
rently quarantined or if they are symptomatic. Furthermore, for employed agents, a sector-specific probability
based on Alipour et al. (2020) determines whether or not they work from home on a given day.

Location Nesting Nodes Degree Affiliated agents Visit days Hours Weight
Home Household-ID Individual (SOEP 2021) All All Everyday Individual Async.
Kindergarten group 1 None 15 (Viernickel & Fuchs-Rechlin 2015) 2 29.5% of aged 0-2 years (DESTATIS 2022a) Mon.-Fri. 6 (FDZ 2022) Sync.
Kindergarten group 2 None 15 (Viernickel & Fuchs-Rechlin 2015) 2 94.5% of aged 3-5 years (DESTATIS 2022a) Mon.-Fri. 6 (FDZ 2022) Sync.
School class Age 25 (DESTATIS 2022b) 2 Agents aged 6-20 years Mon.-Fri. 6 (Destatis 2015) Sync.
Workplace NACE Rev. 2 10 2 Working agents aged > 20 Mon.-Fri. Ind. (SOEP 2021) Sync.
University seminar None 25 2 Agents enrolled at university & aged > 20 Mon.-Fri. 4 (Destatis 2015) Sync.
Shop None 1000 2 All Mon.-Sat. Ind. (SOEP 2021) Async.
Friends age +/- 5 10 2 All Sat.-Sun. 0.5 (Destatis 2015) Sync.
Random 1 None 10 6 All Everyday 3 Sync.
Random 2 None 10 4 Agents aged 15-60 years Everyday 2 Sync.
Random 3 None 10 2 Agents aged 15-20 years Everyday 1 Sync.

Table 2: Location definitions. Presents the parameters of the defined locations. Nesting: Specifies whether ex-
clusive locations are generated per attribute value. Nodes: Specifies the average number of agents per location.
Degree: The number of contacts each agent has per location. Affiliated agents: Specifies which agents visit the
location. Visit days: The weekdays agents visit the location. Hours: How long the location is visited per visit by
affiliated agents. Weight: Specifies whether affiliated agents visit the location at the same time (synchronous)
or at a random time per day (asynchronous).

2.20 We compare the number of contacts made between different age groups in the simulation with empirical data
on age-specific contacts (Prem et al. 2017) based on a contact survey conducted by Mossong et al. (2008). Since
specific data for Baden-Württemberg are not available, data for all of Germany must be used at this point. Fig-
ure 4 shows the age-group-specific contact matrices and their correlation with one another. Each matrix shows
the average number of contacts that one person/agent of a specific age-group has with each age-group per day.
The main properties of the patterns of empirical contacts are replicated by the simulated contact network, as
the comparison of Panel A and B in Figure 4 suggests. A Pearson’s R of 0.93 also indicates a good fit between
the patterns of empirical and simulated data. However, since Pearson’s R only measures the relative match be-
tween the patterns of both data sources, it must be interpreted with caution. An additional chi-squared test also
indicates that the difference between the two matrices is not statistically significant (χ2 = 58.44, p=1, df=225).
The congruence between the two contact matrices was predominantly established based on the empirically-
informed definition of the locations of the type home, kindergarten groups, school classes, workplaces, uni-
versity seminars, shops and friends. However, in order to enhance the correspondence between the simulated
and empirical contact patterns, random contacts were incorporated in the model by defining the locations of
type random until the presented level of alignment was achieved.

Figure 4: Contact network validation. Panel A presents an age-specific contact matrix. It shows the average daily
number of contacts a person of one age-group has with people of other age-groups. The contact matrix in Panel
A is generated based on the German subset of data by Prem et al. (2017). Panel B shows the same matrix but
based on simulation data. Panel C shows the relation between both matrices, where the cells are treated as
cases and the corresponding values in the two matrices as attributes. The dashed line shows the position of
the points if the matrices were identical. The blue line indicates the actual linear relationship calculated with
OLS. Pearson’s R is approximately 0.93.
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Transmission factor calibration and validation of infection dynamics

2.21 A sensitivity analysis (see Appendix) has shown that the results of the simulation experiments are sensitive
to changes in the infection probability pij . Although this does not affect the overall conclusion of the simula-
tion experiments, only the absolute values of the summary statistics, it seems appropriate to set the infection
probability into a realistic range. Thus, it was calibrated to data on the COVID-19 7-day incidence rate in Baden-
Württemberg in June and July 2022. We chose this period because it was the beginning of one of the first waves
of infections after almost all relevant restrictions were lifted in Baden-Württemberg. For the calibration pro-
cedure we used the Python package Optuna (Akiba et al. 2019). In multiple runs we allowed the transmission
factor t to vary between 0 and 1 in order to broadly explore the parameter space. Based on this exploration we
reduced the parameter space to the range between 0.32 and 0.34, in which we let the transmission factor t vary
in further 150 trials with 50 replications each. Relying on the minimization of the sum of the root mean squared
error between the simulated and the empirical weekly average 7-day incidence rate, we finally selected a trans-
mission factor t of approximately 0.331195. Panel A in Figure 5 illustrates that after the calibration procedure
the 7-day incidence rate per 100,000 produced by the simulation model is quite similar to the one calculated
based on empirical data. It must be noted that in the simulation only symptomatic infections are counted as
official infections to take into account that in reality the majority of asymptomatic infections stay undetected
(Mahajan et al. 2021).

2.22 The infection dynamics are further validated by Panel B and C in Figure 5. Panel B in Figure 5 shows the num-
ber of infections by age-group as a proportion of the total number of infections within the population. Panel
C shows the relative infection frequency within the age groups. Especially the distributions in Panel B show a
close match between the empirical and the simulated age-specific infection numbers. Panel C also indicates
a relative close match, but particularly in the group of the youngest and oldest there is a substantial overesti-
mation by the simulation. However, these are the two smallest age groups with the smallest contribution to
the total number of cases, and as Panel B in Figure 5 shows, this contribution to the total number of infections
is satisfactorily captured by the simulation model. The close match between the simulated and empirical age-
specific infection dynamics can also be considered as further validation of the contact network, as the structure
of the contact network determines the propagation of a pathogen within and between the age-groups.

Figure 5: Infection frequency validation. Panel A shows the empirical and the average simulated 7-day incidence
rate per 100,000 inhabitants from June and July 2022 in Baden-Württemberg, Germany. Panel B shows age-
specific infection frequencies as a proportion of the total number of infections in the population, both empirical
and simulated. Panel C shows the relative frequency of infections within the age groups. In each Panel, the error
bars or error bands indicate the 95% confidence interval of the averaged simulated data (50 replications). For
the simulated data, only symptomatic infections are counted as infections in order to model the fact that most
asymptomatic infections remain undetected in reality (Mahajan et al. 2021). The empirical data is taken from
Robert-Koch-Institut (2025).

2.23 The infection dynamics of the model also exhibit a couple of properties which are known from the infection dy-
namics of COVID-19 and other respiratory diseases. The model reproduces these properties even though it was
not explicitly calibrated to do so. One frequently described phenomenon is a negative relationship between
the risk of an infection with COVID-19 and the socio-economic status (Wachtler et al. 2020; Hoebel et al. 2022).
In line with that empirical observation, Figure 6 shows that the model produces a negative relation between
equivalised household income and vulnerability to COVID-19: the higher the equivalised household income of
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an agent, the lower the probability of getting infected during the simulation run. Furthermore, studies show
that being part of a large or crowded household is a risk factor for the infection with COVID-19 or any other res-
piratory disease (Martin et al. 2020; Cardoso et al. 2004; Nafilyan et al. 2021). As Figure 6 shows, the simulation
model reproduces a positive correlation between household size and the vulnerability to COVID-19. The more
agents live in a household, the higher is the risk of getting infected as a member of this household during the
simulation.

Figure 6: Validation of known determinants of vulnerability to infection. Panel A shows the equivalised household
income group-specific average share of infections in the simulation model. Panel B displays the household size-
specific average share of infections in the simulation model. The error bars indicate the 95% confidence interval.

Results

3.1 This section presents the results of the two-stage analysis. First, the regression model is used to answer which
agents cause the most infections in the simulation. Next, the efficacy of different prioritization strategies devel-
oped based on the knowledge gained through the regression analysis is compared.

Who spreads most?

3.2 Table 3 presents the results of the negative binomial regression model with the number of infections caused
as the outcome variable and age and household size as predictors. The outcome variable counts all infections
that an agent caused directly or indirectly via other agents. In this case, all infections - symptomatic and asymp-
tomatic ones - are counted, because at this point we are not interested in the number of officially detected in-
fections one causes but in all infections one causes. Age is treated as a categorical variable with six categories
(age groups: 1. 0-4, 2. 5-14, 3. 15-34, 4. 35-59, 5. 60-79, 6. 80+) following the classification of the Robert Koch
Institute (Robert-Koch-Institut 2025).

Dependent variable:
Number of caused infections

Model 1 Model 2 Model 3
Constant 0.52∗∗∗ 0.53∗∗∗ 0.19∗∗∗

Household_size 1.30∗∗∗ 1.28∗∗∗

Age (Ref. 0-4):
5-14 1.71∗∗∗ 1.62∗∗∗

15-34 2.89∗∗∗ 3.49∗∗∗

35-59 2.96∗∗∗ 3.75∗∗∗

60-79 1.19∗∗∗ 1.95∗∗∗

80+ 0.62∗∗∗ 1.12∗∗∗

Nagelkerke R2 0.111 0.153 0.228
Observations 300,000 300,000 300,000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 3: Negative binomial regression model. Outcome variable: Number of infections caused directly or indi-
rectly. Predictors: Age and household size. Shown are the incidence rate ratios. The data consists of 30 different
populations of 10,000 agents each. With each population, 50 infection simulations were executed to obtain av-
erage data on the number of infections caused directly or indirectly for each agent.
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3.3 The regression analysis reveals that age and household size are relevant predictors of the ability to spread the
simulated pathogen. As shown by Model 1, which includes only household size as a predictor, each additional
household member increases the expected number of caused infections by a factor of 1.3 on average. Model
2 estimates that middle-aged agents cause the most infections, while the oldest and youngest are expected to
cause the fewest infections. For instance, Model 2 indicates that the expected number of caused infections is,
on average, increased by a factor of 2.96 for agents aged between 35 and 59 and increased by a factor of 2.89 for
agents aged between 15 and 34 compared to the reference group of agents younger than five. In contrast, agents
between 60 and 79 are expected to cause, on average, only 1.19 and agents older than 79 only 0.62 times as
many infections as the reference group of agents younger than 5. Compared to household size, age has slightly
greater predictive power, as indicated by the Nagelkerke R2 values of 0.111 in Model 1 and 0.153 in Model 2.
The predictive capability is further increased to 0.228 when combining the predictors in one model, as Model
3 indicates. Furthermore, the predominant role of the middle-aged groups and larger households persists in
Model 3. Figure 7 illustrates the exponential nature of the relation between household size and the ability to
spread. Figure 7 also indicates that the age groups have more minor differences concerning the number of
caused infections in smaller households and larger differences in larger households.

Figure 7: Predicted number of caused infections. Shows the number of infections caused directly or indirectly
by an agent during the simulation as a function of age and household size predicted by Model 3 in Table 3. The
error band indicates the 95% confidence interval. Note that the predicted values are arbitrary in their absolute
size and should not be directly applied to reality.

3.4 It should also be noted that the order of the effect sizes per age group in Model 3 corresponds precisely to the
order of the incidence rates per age group in the simulation (see Panel C in Figure 5 for comparison). Similarly,
the positive relation between household size and the number of caused infections corresponds to the positive
relation between household size and the risk of infection.

Optimizing contact tracing

3.5 The following section presents the results of the simulation experiments comparing various prioritization
strategies. The experiments include eight strategies, each prioritizing certain agents in tracing their contacts
in case of symptomatic infection.

3.6 Figures 8 and 9 present the performance of the different strategies as prevented infections and prevented infec-
tions per one tracing. In each figure, Panel A displays the mean performance for each strategy averaged across
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all proportions of prioritized agents, while Panel B shows each strategy’s performance at each tested proportion
of prioritized agents.10

Figure 8: Prevented infections. Shows the performance of the different prioritization strategies as the share of
infections that could be prevented relative to a scenario with no contact tracing active. Panel A shows average
results per strategy. The error bar indicates the 95% confidence interval. The data for models with 0% prioritized
agents are not shown in Panel A. Panel B shows the average results per strategy as a function of the fraction of
agents whose contacts are traced in case of symptomatic infection. For a better distinguishability of the lines,
confidence intervals are not shown.

Figure 9: Prevented infections per one tracing. Shows the performance of the different prioritization strategies as
the number of infections that could be prevented per one tracing relative to a scenario with no contact tracing
active. Panel A shows average results per strategy. The data for models with 0% prioritized agents are not shown
in Panel A. The error bar indicates the 95% confidence interval. Panel B shows the average results per strategy
as a function of the fraction of agents whose contacts are traced in case of symptomatic infection. For a better
distinguishability of the lines, confidence intervals are not shown.

3.7 Figure 8 illustrates that all strategies can significantly mitigate the spread of infections. However, substantial
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variations exist among these strategies. Strategy HH+Age demonstrates the highest average share of prevented
infections at approximately 42%. Hence, it outperforms the reference strategy Random, which prevents about
31% of infections, by about 11 percentage points. The alternative strategies HH, Age, Inc. sim., and Inc. emp.
also yield higher levels of infection prevention, with reductions ranging between 33% and 34%, thereby demon-
strating moderate improvements over the baseline. In contrast, the strategies Young and Old fall notably short
in infection prevention, achieving approximately 23% and 14%, respectively.

3.8 Panel B in Figure 8 illustrates the performance of each strategy across varying proportions of prioritized agents.
The share of prioritized agents has a strong positive effect on the number of infections prevented. For values
below 20%, the HH+Age strategy clearly outperforms all others. The strategies HH, Age, Inc. sim., and Inc. emp.
do not consistently outperform the Random strategy. However, when a larger share of agents is prioritized, the
HH, Age, and Inc. sim. strategies achieve performance levels comparable to the HH+Age strategy. In contrast, the
Young and Old strategies consistently perform worse than the reference strategy Random across all examined
levels of prioritization.

3.9 Since the results presented in Figure 8 do not explicitly reflect the actual number of agents whose contacts are
traced nor the exact number of committed tracings, Figure 9 shows the performances of the strategies relative
to the number of executed tracings 11. Again, the HH+Age strategy performs best in total. While the reference
strategy Random prevents approximately 1.1 infections per tracing, strategy HH+Age prevents approximately
1.5 infections per tracing. With values between 1.2 and 1.3 prevented infections per tracing, the strategies HH,
Age, Inc. emp. and Inc. sim. are also substantially more effective than the Random strategy. With approximately
0.9 prevented infections per tracing, the Young and Old strategies continue to exhibit significantly lower effec-
tiveness than the Random strategy.

3.10 Panel B in Figure 9 shows that although the HH+Age strategy achieves the highest overall efficiency, its advan-
tage is particularly evident at lower levels of agent prioritization. At higher shares of prioritized agents, the HH,
Age, and Inc. sim. strategies perform comparably to the HH+Age strategy. Interestingly, at a 5% prioritization
level, not only does the HH strategy approximate the performance of HH+Age, but the Old strategy does as well.
However, as the share of prioritized agents increases, the relative effectiveness of the Old strategy falls below
that of the Random strategy. The Young strategy consistently performs worse than the Random strategy across
all levels of prioritization.

3.11 Figures 14 and 15 in the Appendix show the results concerning hospitalizations. Overall, the patterns described
for prevented infections are similar to the patterns observed with regard to prevented hospitalizations. Partic-
ularly interesting here is that prioritizing the oldest agents also performs worst in terms of prevented hospital-
izations, despite previous studies showing that prioritizing the oldest individuals in the context of vaccinations
(e.g., against COVID-19) is most effective in preventing hospitalizations (Ben-Zuk et al. 2022; Bubar et al. 2021;
Matrajt et al. 2021; Moore et al. 2021).12

3.12 Overall, the results clearly indicate that the most effective strategy is to prioritize contact tracing for individuals
who, based on their age and household size, are estimated to cause the highest number of infections (HH+Age).
Strategies that rely on a single predictor – either household size (HH) or age (Age) – also demonstrate promising
results, though their performance gains are less consistent. A similar pattern is observed for strategies based
on age-specific incidence rates (Inc. emp., Inc. sim.). In contrast, strategies that prioritize only the youngest
agents (Young) or only the oldest agents (Old) — an approach commonly employed in vaccination campaigns
— appear to be ill-suited for enhancing the effectiveness of contact tracing.

3.13 As the sensitivity analysis in the Appendix indicates, the results are sensitive to changes in parameters such as
the length of quarantine, infection probability, duration of asymptomatic infectiousness, length of the simu-
lated period, household isolation level, and timing of contact tracing onset. However, these changes primarily
affect the overall magnitude of the outcomes rather than the relative ranking of strategies.

Conclusion

4.1 The overarching objective of the present study was to examine the extent to which measures aimed at com-
bating the spread of infectious diseases can be optimized through a focus on high-spreading groups indirectly
identified as such through proxy indicators. Such an approach aims to facilitate the identification of relevant
groups even under actual pandemic conditions, where there is insufficient data available on the contact net-
work through which the infectious disease spreads, rendering the calculation of traditional network metrics for
identifying influential spreaders infeasible. In the present study, this approach was tested through the example
of CT during the COVID-19 pandemic in Baden-Württemberg (Germany). The potential optimization of CT by
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focusing on the expected most influential spreaders identified based on age and household size was assessed
through simulation experiments using an empirically calibrated agent-based model.

4.2 Based on the conducted simulation experiments, it can be reasonably stated that the effectiveness of CT is
significantly influenced by whose contacts are traced. For the examined case of Baden-Württemberg, we find
that middle-aged people (15-60 years) living in larger households cause the most infections. In the simulation
experiments, tracing the contacts of these people was on average 1.4 times more effective both in terms of
the absolute number of infections prevented and in terms of infections prevented per tracing than tracing the
contacts of a random sample of people. Prioritizing agents solely by household size or age, as well as strategies
focusing on the age groups with the highest number of infections, also proved to be significantly more effective
than the reference strategy of selecting random agents. In particular, the latter strategies could be implemented
in the real world, because incidence can be measured empirically without relying on simulation studies to gain
information about who is causing the most infections. Remarkably, it appears that the strategy of prioritizing
elderly individuals, which has been demonstrated as the most effective approach in preventing hospitalizations
during COVID-19 vaccinations (Ben-Zuk et al. 2022; Bubar et al. 2021; Matrajt et al. 2021; Moore et al. 2021),
does not seem to exhibit a significant improvement in the context of CT, but performs significantly worse when
compared to a random selection of individuals. Thus, this study also shows that an improper prioritization
strategy can cause great harm.

4.3 As this is a simulation study, it needs empirical research on actual applications of the tested approach to gain
more reliable knowledge about its efficacy. The latter is particularly important since the present simulation
study has several methodological issues. For instance, the simulated society in the model represents a closed
system. Commuting, tourism, or migration, which can significantly impact the spread of an infectious disease,
are not considered. However, the validation of infection dynamics shows that the modeled population groups
and contacts are still sufficient to reproduce real infection dynamics adequately. Another issue is that the
dataset used to calibrate the contact network is over a decade old and was not collected during times of an acute
pandemic. Therefore, it is unclear to what extent the dataset can accurately represent current contact patterns.
Nevertheless, this dataset still appears to be one of the best and most comprehensive data source regarding
overall societal contact patterns. Due to uncertainties regarding the modeled contact patterns, the results con-
cerning characteristics correlating with a high number of caused infections (the regression analysis) should be
interpreted cautiously. That is especially true for the youngest and the oldest, as the simulation model system-
atically overestimates their incidences, possibly leading to overestimating the number of infections caused by
them. Another area for improvement regarding age is that very few age groups with considerable differences in
size are used in this study. More fine-grained age groups would lead to more precise results.

4.4 Our study may also underestimate the impact of prioritizing older adults, as it does not include long-term care
facilities where seniors have frequent interactions with many peers and elevated transmission risk. Instead, our
model includes only community-dwelling older individuals who maintain relatively few contacts. Therefore,
the results concerning older adults in this study must be interpreted with the utmost caution.

4.5 When interpreting the results, one must also consider that in this simulation contact tracing is the only active
intervention that interferes with the simulated spread of disease. In reality, contact tracing is often only used in
scenarios where the current infection rates are at very low levels and furthermore often multiple interventions
are active at the same time. For instance, as Bicher et al. (2021) show for Austria, even highly effective contact
tracing can only play a minor role in disease containment. Thus, the simulation model might overestimate
the impact of contact tracing in reality. However, the results regarding the relative differences between the
strategies should hold even for such more realistic scenarios. This should be addressed in future research.

4.6 Despite several minor methodological limitations, this study is still able to demonstrate the following three
points, listed in ascending order of uncertainty:

1. The effectiveness of contact tracing is significantly influenced by whose contacts are traced.

2. When the contacts of those causing the most infections are traced, it can substantially enhance the ef-
ficacy of contact tracing, even when they are identified solely based on proxy metrics such as age and
household size.

3. In the case of the German state of Baden-Württemberg, it appears that middle-aged individuals residing
in larger households are responsible for most infections. Therefore, prioritizing contact tracing for this
specific demographic group seems to be a promising strategy to improve contact tracing.

4.7 The implementation of the proposed targeted contact tracing strategy necessitates clarification of operational
constraints, particularly with regard to testing capacities and the ability to trace and monitor quarantined indi-
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viduals. These limitations define the subset of the population that can be classified as high-priority and thus tar-
geted for intensified intervention. Identifying effective mechanisms to reach and engage this group — whether
through appeals to individual responsibility via public communication strategies or through more systematic
forms of surveillance — requires further interdisciplinary investigation and coordination with public health in-
stitutions. Crucially, any practical application of this approach must be accompanied by a thorough ethical eval-
uation. The potential for stigmatization and the imposition of quarantine based solely on socio-demographic
attributes of contacts pose significant normative challenges (Saeed et al. 2020; Freytag et al. 2021; Brooks et al.
2020). Nonetheless, in situations where public health agencies face resource constraints and cannot trace all
contacts comprehensively, prioritizing individuals whose isolation is likely to produce the highest epidemio-
logical benefit may represent not only a more efficient, but also a more ethically defensible course of action.
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Appendix A: Evaluating the Number of Replications

This section evaluates whether the number of replications is sufficient to ensure stable model outputs. Each
subsection shows how increasing replications reduces the variance of the average outputs until they stabilize.

Base model

The base model consists of a population of 10000 agents and 50 replications. It creates one population and
uses the same population for all 50 replications. Figure 10 shows how the average number of infected agents
reaches a relatively stable state when approaching 50 replications.

Figure 10: Evaluation of replication frequency – Base model. Shows the average number of infected agents by
the number of replications.

Negative binomial regression

Because the regression coefficients showed a substantial variation between different base models (with each
50 replications), the number of models was increased to 30. Figure 11 shows how the average regression co-
efficients reach a stable state when approaching 30 models (which are 1500 replications in total but with 30
different populations).
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Figure 11: Evaluation of replication frequency for NB regression. Shows the average regression coefficients in
Regression Model 3 in Table 3 by the number of simulation models (with 50 replications each).

Experiments

To get stable results in the experiments, each scenario was computed with 50 models (which are 2500 repli-
cations per scenario). Figure 12 shows how the average number of infected agents per scenario approaches a
relatively stable state with 50 models.
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Figure 12: Shows the average number of infected agents by the number of models (with 50 replications each)
for each scenario and share of prioritized agents in the simulation experiments.

Figure 13 shows how the average number of prevented infections per tracing approaches a relatively stable
state with 50 models in each scenario.
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Figure 13: Shows the average number of prevented infections per tracing by the number of models (with 50
replications each) for each scenario and share of prioritized agents in the simulation experiments.
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Appendix B: Results Regarding Hospitalizations

Figure 14: Prevented hospitalizations. Shows the performance of the different prioritization strategies as the
share of hospitalizations that could be prevented relative to a scenario with no contact tracing active. Panel A
shows average results per strategy. The data for models with 0% prioritized agents are not shown in Panel A.
The error bar indicates the 95% confidence interval. Panel B shows the average results per strategy as a function
of the fraction of agents whose contacts are traced in case of symptomatic infection.

Figure 15: Prevented hospitalizations per one tracing. Shows the performance of the different prioritization
strategies as the number of hospitalizations that could be prevented per one tracing that could be prevented
per one tracing that could be prevented relative to a scenario with no contact tracing active. Panel A shows
average results per strategy. The data for models with 0% prioritized agents are not shown in Panel A. The error
bar indicates the 95% confidence interval. Panel B shows the average results per strategy as a function of the
fraction of agents whose contacts are traced in case of symptomatic infection.
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Appendix C: Sensitivity Analysis

Due to constraints on available computational and storage capacity, the following sensitivity analysis is mini-
mal. Only 25 models with 50 internal replications (1250 total) were performed per parameter combination and
the share of prioritized agents was fixed to 0.15. Nevertheless, this section indicates that the general patterns
in the results of the simulation experiments are relatively robust to parameter variations.

Sensitivity analysis: Contact tracing start date

Figure 16: Sensitivity analysis: Start of Contact Tracing. Shows the performance of the different strategies as a
function of the start date of contact tracing. June 1, 2022 is the start date of contact tracing in the main analysis.
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Sensitivity analysis: Share of traced contacts

Figure 17: Sensitivity analysis: Share of traced contacts. Shows the performance of the different strategies as a
function of the share of traced contacts of an index case. In the main analysis the share of traced contacts is set
to 0.8.
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Sensitivity analysis: Isolation level within household

Figure 18: Sensitivity analysis: Isolation level. Shows the performance of the different strategies as a function of
the isolation level of quarantined agents. The isolation level is set to 0.75 in the main analysis.

JASSS, 28(4) 9, 2025 http://jasss.soc.surrey.ac.uk/28/4/9.html Doi: 10.18564/jasss.5761



Sensitivity analysis: Days in quarantine

Figure 19: Sensitivity analysis: Days in quarantine. Shows the performance of the different strategies as a func-
tion of the number of days traced agents are quarantined. In the main analysis this value is set to 10.
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Sensitivity analysis: Maximum number of tracings per week

Figure 20: Sensitivity analysis: Maximum number of tracings per week. Shows the performance of the different
strategies as a function of the maximum number of tracings per seven days. In the main analysis this value is
set to 50 agents per seven days (500 tracings per 100,000 agents per 7 days).
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Sensitivity analysis: Change in infection probability

Figure 21: Sensitivity analysis: Change in infection probability. Shows the performance of the different strategies
as a function of changes in the infection probability. The shown values are added to the calibrated transmission
factor t.
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Sensitivity analysis: Days asymptomatic infectious

Figure 22: Sensitivity analysis: Days asymptomatic infectious. Shows the performance of the different strategies
as a function of the number of days infected agents are asymptomatic infectious. This value is set to 2 in the
main analysis. Since contact tracing begins when individuals become symptomatically infectious, this param-
eter can also be interpreted as a measure of the delay between the onset of infectiousness and the initiation of
contact tracing and quarantine.
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Sensitivity analysis: Length of simulated period

Figure 23: Sensitivity analysis: Length of the simulated period. Shows the performance of the different strategies
as a function of the end date of the simulated period (start date: June 1, 2022). In the main analysis, August 1,
2022 is set as the end date of the simulation.
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Figure 24: Share of currently infected agents per day by the end date of the simulated period. In the main analysis,
August 1, 2022 is set as the end date of the simulation. The shown data was generated during the sensitivity
analysis regarding the end date of the simulated period.

Notes

1 For instance: degree centrality (Freeman 1978), betweenness centrality (Freeman 1977), eigenvector cen-
trality (Borgatti 2005), closeness centrality (Sabidussi 1966), LeaderRank (Lü et al. 2011), bridging centrality
(Hwang et al. 2006), H-index (Lü et al. 2016), and k-shell decomposition (Kitsak et al. 2010).
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2The model’s code and data can be found in the corresponding repository on Github: https://github.c
om/simctbw/simctbw.

3From the perspective of the focus theory (Feld 1981), locations could also be regarded as foci.
4Thus, the defined location sizes are met not exactly by every location, but on average.
5We additionally considered values of 1 and 3 in the sensitivity analysis.
6To ensure that there is no systematic order within the group of agents having the same attribute value, we

add a small random value to the attribute value.
7As the sensitivity analysis in the Appendix shows, we also tested values of 250 and 750 tracings per 100,000

agents per 7 days.
8As the sensitivity analysis in the Appendix shows, we also tested values of 50% and 100%.
9As the sensitivity analysis in the Appendix shows, we also tested values of 60% and 100%.

10Similar figures regarding prevented hospitalizations and prevented hospitalizations per tracing are pre-
sented in the Appendix.

11We define tracings as the number of agents that public health authorities must contact, i.e., both symp-
tomatically ill agents whose contacts are traced and their contacts who are traced.

12Although the corresponding experiments are not reported in this paper, it should be noted here that this
simulation model also replicates the findings that when it comes to vaccination, it is most effective to prioritize
the oldest.
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