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develop targeted treatments and vaccines. One of the most common NPIs is Test-Trace-
Isolate (TTI). One of the factors determining the effectiveness of TTI is the ability to
identify contacts of infected individuals. In this study, we propose a multi-layer temporal
contact network to model transmission dynamics and assess the impact of different TTI
implementations, using SARS-CoV-2 as a case study. The model was used to evaluate TTI
Test-trace-isolate effectiveness both in containing an outbreak and mitigating the impact of an epidemic. We
Multi-layer temporal network estimated that a TTI strategy based on home isolation and testing of both primary and
Epidemic modeling secondary contacts can contain outbreaks only when the reproduction number is up to 1.3,
Non-pharmaceutical interventions at which the epidemic prevention potential is 88.2% (95% CI: 87.9%—88.5%). On the other
hand, for higher value of the reproduction number, TTI is estimated to noticeably mitigate
disease burden but at high social costs (e.g., over a month in isolation/quarantine per
person for reproduction numbers of 1.7 or higher). We estimated that strategies consid-
ering quarantine of contacts have a larger epidemic prevention potential than strategies
that either avoid tracing contacts or require contacts to be tested before isolation.
Combining TTI with other social distancing measures can improve the likelihood of suc-
cessfully containing an outbreak but the estimated epidemic prevention potential remains
lower than 50% for reproduction numbers higher than 2.1. In conclusion, our model-based
evaluation highlights the challenges of relying on TTIs to contain an outbreak of a novel
pathogen with characteristics similar to SARS-CoV-2, and that the estimated effectiveness
of TTI depends on the way contact patterns are modeled, supporting the relevance of
obtaining comprehensive data on human social interactions to improve preparedness.
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Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Public health strategies to prevent and control the spread of infectious diseases are crucial for reducing disease burden
(Bootsma & Ferguson, 2007; Ferguson et al., 2006; Flaxman et al., 2020; Lison et al., 2023; Mitja & Clotet, 2020). In the early
stage of newly emerging infectious diseases, public health strategies gravitate towards non-pharmaceutical interventions
(NPIs) given the time required to develop targeted treatments and vaccines. One of the most commonly adopted NPIs is
Test-Trace-Isolate (TTI), which plays a key role in both mitigating and understanding the transmission dynamics of an
emerging infectious disease (Contreras et al., 2021; Kucharski et al., 2020; Quilty et al., 2021). TTI is based on the identi-
fication of infected individuals, often triggered by the presence of symptoms, who are then tested, isolated (e.g., in their
place of residence or in dedicated facilities), and their contacts are traced. If contacts are found to be positive, they are
isolated as well, and the TTI process is repeated for their contacts. In general, TTI tends to be very effective for diseases with
high proportion of symptomatic infections and little proportion of pre-symptomatic transmission (e.g., Ebola, MERS, and
SARS-CoV-1) (Berge et al., 2018; Breban et al., 2013; Fraser et al., 2004; Kang et al., 2016; Lipsitch et al., 2003; Swanson et al.,
2018).

During the early phase of the COVID-19 pandemic, several countries adopted TTIs to try to contain or at least to mitigate
the spread of SARS-CoV-2 (Ferretti et al., 2020; Firth et al., 2020; Marcel et al., 2020). However, the extent to which TTIs were
effective is still debated (Contreras et al., 2021; Grantz et al., 2021; Grassly et al., 2020; Kerr et al., 2021a; Kucharski et al.,
2020). This is partially due to the widely different implementation of TTI in different countries at different time points in
the pandemic and heterogeneous levels of population adherence. For example, during the early stage of COVID-19 in China,
both the primary and the secondary contacts of the confirmed cases were traced and quarantined for 14 days in the dedicated
facilities (Ge et al., 2023). In contrast, only household contacts of confirmed cases were traced and required to self-isolate at
home in the United States (Aleta et al., 2020). Moreover, TTI was generally implemented in tandem with a set of other NPIs,
which makes it hard to disentangle the effectiveness of TTI alone (Craig et al., 2021; Littlecott et al., 2023; Pozo-Martin et al.,
2023). To overcome this limitation, mathematical modeling studies have been performed where TTI can be tested alone or in
conjunction with other strategies. However, this did not resolve the debate as model-based evaluations of TTI effectiveness
have yielded highly variable results. For example, Firth et al. (2020) developed a branching process model of SARS-CoV-2
transmission showing that if 70% of contacts are traced, the majority of outbreaks can be controlled. Kerr et al. (2021b)
used an open-source agent-based model leveraging detailed demographic and epidemiological data for the Seattle region,
USA, and showed that high but achievable levels of TTIs are sufficient to curtail SARS-CoV-2 spread. Chiu et al. (2020) and
Kucharski et al. (2020) showed that increased testing and contact-tracing capacity are paramount for mitigating the spread of
SARS-CoV-2. On the other hand, Gardner & Kilpatrick (2021) used compartmental models to show that contact tracing could
reduce SARS-CoV-2 reproduction number by no more than 20%. Davis et al. (2021) developed a branching process model that
showed that even well-implemented contact tracing can provide at most a 15% reduction of SARS-CoV-2 reproduction
number. Contreras et al. (2021) and Wang et al. (2022) showed that TTI alone is insufficient to neither end nor contain a
COVID-19 outbreak.

Most of the aforementioned discrepancies can be explained by the assumptions made by different modeling studies. For
example, one of the building blocks of TTI is the identification of contacts. As such, the contact network used to model
transmission plays a central role. Some studies have assumed homogeneous mixed patterns, failing to account for the het-
erogeneities in human contact patterns (Bradshaw et al., 2021; Davis et al., 2021; Firth et al., 2020; Grantz et al., 2021;
Kucharski et al., 2020). Other studies have developed complex contact networks but did not incorporate heterogeneities in
the risk of infection by social setting (e.g., been members of the household entail a different risk of infection that a short-
lasting contact at a grocery store) (Firth et al., 2020; Moon & Scoglio, 2021). To address these gaps, previous studies have
proposed multi-layer contact networks, categorizing different social settings into different layers. For example, Liu et al.
(2022) developed a model based on a multiplex network consisting of household, school, and community layers. Similarly,
Kerr et al. (2021b) used an agent-based model based on contact surveys to construct a multi-layered synthetic population
network, including households, schools, workplaces, long-term care facilities, and communities, to project epidemic trends,
explore intervention scenarios, and estimate resource needs. Zhao et al. (2022) used real-world transmission data from Japan
to quantify the superspreading potential across different contact settings, revealing higher risks in communities, healthcare
facilities, and schools compared to households and workplaces. Zhang et al. (2023) further refined the modeling of contact
patterns by incorporating temporal information into a multi-layer contact network that allows contacts between individuals
to change dynamically as the simulated epidemic progresses.

This study aims to provide a comprehensive evaluation of the effectiveness of TTIs. To this aim, we proposed a multi-
layer temporal network based on the synthetic population to model the contact patterns in the population and their
temporal changes. Then, we simulate the spread of a respiratory pathogen on this network. As a case study of a respiratory
pathogen, we use the ancestral SARS-CoV-2 lineage. Finally, we simulated seven alternative implementations of TTI to
reflect different strategies that were implemented by different countries during different periods of the COVID-19
pandemic. We simulated the model under multiple scenarios and evaluated the mitigation effects of TTI alone or in
combination with other NPIs.
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2. Methods
2.1. Synthetic population

We produced a synthetic population of China by leveraging highly detailed micro-level household survey (Tsinghua
University Technology and Development Center for Cooperation, 2021) and macro-level demographic statistics data
(Ministry of Education of the People’s Republic of China, 2023; National Bureau of Statistics of China, 2021). The household
survey includes the age of each member in the surveyed households, while the demographic statistics includes the school
enrollment rate, employment rate, and household, school, and workplace size distributions. The synthetic population consists
of synthetic individuals that are grouped into households, schools, workplaces and the community, corresponding to the
main settings for SARS-CoV-2 transmission (Liu et al., 2022).

To reconstruct households in the synthetic population, we use a bootstrap sampling method (Hesterberg, 2011), where
we: 1) randomly sample the household size from the distribution of household sizes in China; 2) randomly select one
household with the sampled size from the household survey data. Households are sampled until the synthetic population
includes ~0.5 million individuals. Ages of each household member correspond to those from the sampled household. For each
individual in the household, we assign synthetic individuals as students, workers, or other (e.g., retired, preschool children,
unemployed) based on the school enrollment and employment rates. Schools and workplaces are then generated based on
the size distribution of schools and workplaces, respectively. We assumed all individuals in the synthetic population are
present in the community. A schematic representation of the synthetic population is shown in Fig. 1A. Details on the gen-
eration of the synthetic population are reported in Supplementary Methods.

2.2. Multi-layer temporal contact network

The synthetic population defines social groups such as households, schools, and workplaces by matching the demographic
characteristics of the analyzed country. To model the heterogeneous and temporal characteristics of human contact patterns
within these groups (namely, schools, workplaces, and the community), we relied on the distribution of the number of
contacts from a published contact survey conducted in Shanghai, China, between December 2017 and May 2018 (Zhang et al.,
2019).

At each time step of the simulation, all members of the same household are assumed to be connected to each other. For the
school and workplace layers, we used a configuration model (Newman, 2009) to construct the contact network for each
school and workplace in their respective layer at each time step. Specifically, for each infectious individual i, we randomly
sample a number m from the layer-specific distribution of the number of contacts in the school/workplace. Then, we select m
members from the same school/workplace to be the contacts for infectious individual i in that time step. As individuals
interact with some classmates/colleagues more frequently than with others, a fraction q of the contacts for individual i are
sampled from their recurring contacts. The community layer consists of all non-household, non-workplace, and non-school
contacts. All community contacts are treated as a unified category rather than being differentiated by specific public settings.
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Fig. 1. Schematic representation of the synthetic population and of the temporal contact network.
A Schematic representation of how synthetic individuals are connected between the workplace, household, school, and community layers. B Schematic rep-
resentation of how synthetic individuals are connected within each layer.
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Constructing the community layer is done using a similar process; however, the contacts for each individual i are randomly
selected from the entire synthetic population without considering recurring contact. For comparison with the temporal
network, we randomly chose a snapshot from the temporal network as a static network. A schematic visualization of multi-
layer temporal contact network is shown in Fig. 1B and details on the construction of the temporal network are described in
Supplementary Methods. To validate the school layer, workplace layer and community layer, we show that the comparison
between the distribution of number of contacts in the simulated multi-layer temporal network and the contact survey data, as
shown in Fig. 2.

2.3. Transmission model

To simulate SARS-CoV-2 transmission, we used a variant of the SLIR (susceptible, latent, infectious, and removed) model,
where infectious individuals are further classified as pre-symptomatic (P), symptomatic (I), and asymptomatic (A). If a sus-
ceptible individual i has contact with an infectious individual j, the susceptible individual has a certain layer-specific risk of
acquiring the infection.

The transmission parameters in the model are set according to the literature on the ancestral SARS-CoV-2 lineage. The
incubation period follows a gamma distribution with a mean of 6.3 days and a standard deviation of 4.3 (shape = 2.08,
rate = 0.33) (Sun et al., 2021). We consider transmission to start 2 days before symptom onset (Sun et al., 2021). We also
consider an age-specific susceptibility to infection according to the literature (Poletti et al., 2021). The duration of the in-
fectious period was chosen such that the generation time (Tg) distribution was equal to 7.0 days as reported in (Sun et al.,
2021). We calibrated the model to match the fraction of infections reported in the four layers in survey before the lock-
down (Kerr et al., 2021b). All parameters used in the model can be found in Supplementary Methods.

24. Alternative implementations of TTI

TTI is a symptom-based testing, case-based tracing, and isolation process that will be modeled as follows:

Symptom-based testing: Symptomatic individuals undergo a reverse transcription polymerase chain reaction (RT-PCR)
test with a given probability of testing positive (Pes; ). We denote the delay between the symptom onset and sample collection
as Tss and the delay from sample collection to laboratory diagnosis as Ty The laboratory diagnosis result considers the
sensitivity of the RT-PCR test based on the timing of sample collection (Wilder-Smith & Freedman, 2020). Individuals' contact
patterns do not change during the delay window between the onset of symptoms and the receipt of the RT-PCR test.

Contact tracing: If the result of the RT-PCR test is positive, the contact tracing process is initiated. In this study, we trace
both the primary contacts of the infected individual case and the contacts of those primary contacts (secondary contacts).
Specifically, all household members of the infected individual are traced. School and/or workplace contacts have a given
probability of being traced (Pqce) if they had contact with the infected individual within a time window of length Tgqce

---- Median [0 Original
40 -~ Quartiles [ Generated

30

20

Contacts

10

Comn%unity Wérk School

Settings
Fig. 2. Comparison between the distribution of number of contacts in the multi-layered contact network and in the original contact survey data.

The blue violins represent contact survey data, while the red violins correspond to the generated contact network. The dashed lines indicate statistical sum-
maries: short dashed lines represent the quartiles, and long dashed lines denote the median.
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surrounding the date the infected individual took the RT-PCR test. As most community contacts occur in public places and are
difficult to trace in the real world, we assumed that community layer contacts could not be traced.

Isolation: The infected individual is isolated at home for 14 days. Their traced contacts are quarantined at home (Flaxman
et al., 2020) immediately, and they undergo RT-PCR testing. While quarantined in their place of residence, individuals have
contacts only in the household layer. If the traced contact receives a negative test result, they resume their regular contact
patterns. Otherwise, they isolate at home for 14 days.

After symptom onset and the receipt of a positive RT-PCR test, we model the following alternative implementations of TTI
for the infected individual.

1) TTI-L1: Isolation at home for 14 days without contact tracing;

2) TTI-L2: Isolation at home for 14 days where primary contacts are traced and required to take an RT-PCR test;

3) TTI-L3: Isolation at home for 14 days where primary contacts are traced and isolated at home for 14 days without testing;

4) TTI-L4: Quarantine at a dedicated facility for 14 days where primary contacts are traced and quarantined at dedicated
facilities for 14 days without testing;

5) TTI-L5: [solation at home for 14 days where both the primary and secondary contacts are traced and required to take an
RT-PCR test;

6) TTI-L6: Isolation at home for 14 days where both the primary and secondary contacts are traced and isolated at home for
14 days directly without testing;

7) TTI-L7: Quarantine at a dedicated facility for 14 days where both the primary and secondary contacts are traced and
quarantined at dedicated facilities for 14 days without testing.

We are using L5 as our baseline implementation of TTI. The alternative implementations of TTI are shown in Fig. 3.

Once an individual is infected, they enter an incubation period, followed by the onset of symptoms. After symptom onset,
testing is conducted with the possibility of Py, often after a delay, with an additional waiting period for the results. During
this waiting period, the individual is quarantined at home. If the test result is positive, contact tracing is carried out retro-
spectively over a specified tracing window. Identified contacts are then managed according to different TTI strategies, ranging
from no contact tracing (TTI-L1) to primary and secondary contact tracing with facility-based quarantine (TTI-L7). Each TTI
implementation level (TTI-L1 to TTI-L7) defines specific actions for contacts, such as home isolation based on RT-PCR testing,
home quarantine, or facility quarantine.

2.5. Other NPIs

In conjunction with TTI, here we propose two other NPIs that were commonly adopted in the early phase of the COVID-19
pandemic.

1) Social distancing, which is modeled by limiting random contacts by reducing a fraction of contacts for each individual in
the community layer;

No contact tracing

ﬂ TTILL
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i Contact pattern ’_| - l—r £
! scHOOL WORKPLACE 1L @ Contacts home TTI-L3
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[=] onset with Peg, positive
O . *
incubation Test delay Waiting result
Contact tracing window Quarantined at home Primary )
= contact tracing
@~ Contacts quarantine ina e
Dedicated facility . L I'TI-L4
edicated faciiity dedicated facility for 14 days
isolation M ) Y

@
M Primary & Secondary
L1}

contact tracing

[

@ Contacts quarantine ina ..
dodicalcd facility for 14 days TTFLT
Fig. 3. Schematic representation of the alternative implementations of TTI.
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2) Partial closure of school and workplace, which is modeled by removing all contact within the school layer and removing
contact in 10%, 30% and 50% of workplaces. Moreover, we considered a 50% reduction of contacts in the community layer.

Noting that these two NPIs are implemented all the time. Details about NPIs are reported in Supplementary Methods.

2.6. Metrics used for the evaluation of the effectiveness of an intervention

We adopt the Epidemic Prevention Potential (EPP) (Halloran et al., 2002) to measure the impact of TTI in containing an
outbreak. The epidemic prevention potential is defined as EPP = 1 — P;/Py; where P; and Py; represent the probabilities of an
uncontained outbreak when an intervention is deployed (e.g., TTI) and when no interventions are deployed, respectively.
Here, we consider an outbreak if the cumulative number of symptomatic cases in the simulation reaches 400 within 90 days.
As the local transmission evolves into an epidemic outbreak, we assessed the effectiveness of the analyzed intervention in
mitigating an outbreak through the following metrics: reduction in peak daily incidence of new symptomatic infections, peak
timing, and final symptomatic infection attack rate. Moreover, we estimated the “costs” associated with the deployed
intervention in terms of mean number of days spent in isolation/quarantine per person and the maximum number of in-
dividuals simultaneously isolated/quarantined.

We explored reproduction numbers ranging from 1.3 to 3.1 to represent different transmissibility scenarios. To assess the
strategy's effectiveness in EPP, we initialized the model with one seed infection and conducted 10,000 independent simu-
lations. Additionally, to evaluate its impact during peak and late epidemic stages, we used ten seed infections and performed
200 simulations.
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3. Results
3.1. Baseline scenario

By assuming the baseline value of model parameters, the probability of an uncontained outbreak in the “no intervention”
scenario increases from about 6.1% for Ry = 1.3—90.1% for Rg = 3.1 (Fig. 4A). The peak daily incidence of new symptomatic

infections increases from 0.75 per 1000 individuals (95% CI: 0.69—0.83) for Rg = 1.3 to 10.5 (95% CI: 10.3—10.8) per 1000
individuals for Ry = 3.1 (Fig. 4B). The epidemic peak time ranges from 268 days (95%Cl: 227—324 days) for Rg = 1.3—59 days
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(95%Cl: 55—64 days) for Ry = 3.1 (Fig. 4C). The final symptomatic infection attack rate ranges from 8.1% (95%Cl: 6.7%—8.6%) for
Ro = 1.3—23.5% (95%Cl: 23.4%—23.6%) for Ry = 3.1 (Fig. 4D).

When considering TTI-L5, the EPP decreases from 88.2% (95% Cl: 87.9%—88.5%) for Rg = 1.3—2.5% (95%Cl: 0.9%—4%) for
Ro = 1.9, and it becomes negligible for higher values of the reproduction number (Fig. 4A). The peak daily incidence of new
symptomatic infections is reduced by 76.1°% (95°% CI: 71.6%—82.9%) for Ry = 1.3 and 64.0% (95% CI: 63.7%—64.3%) for Ry = 3.1
(Fig. 4B). The epidemic peak is delayed by 55 days for Rg = 1.3 and 6 days for Rg = 3.1 (Fig. 4C). The reduction in symptomatic
attack rate ranges from 74.3% (95% Cl: 62.6%—93.5%) for Ry = 1.3—18.8% (95% CI: 18.1%—19.4%) for Rg = 3.1 (Fig. 4D). The
implementation of this intervention entails costs in terms of isolated/quarantined individuals. The mean isolation/quarantine
period per individual increases from 11 days (95%Cl: 3—15) for Rg = 1.3—43 days (95%Cl: 42—44) for Ry = 1.9, and it then
stabilizes around 40 days for Rp > 1.9 (Fig. 4E). The peak daily number of simultaneously isolated/quarantined individuals per
1000 individuals increases with the reproduction number and reaches 507 (95%Cl: 500—515) when Rg = 3.1 (Fig. 4F).

3.2. Effect of the network structure and assumptions on TTI implementation

We conducted various sensitivity analyses by varying parameters related to the network structure (i.e., static vs. temporal
network, different fractions of recurring contacts) and the parameters regulating the implementation of TTI: the delay be-
tween symptom onset to sample collection, the delay between sample collection and the test result, the probability of testing
a symptomatic individual, the probability of being traced, and the length of the tracing time window. In the main text (Fig. 5),
we report only a summary of these sensitivity analyses; the complete results are provided in Supplementary Methods.

For the TTI-L5 strategy, our results show that considering a static contact network has little effect on the estimated EPP
(Fig. 5A). However, we found remarkably lower reductions in the peak daily incidence of new symptomatic infections (Fig. 5B)
and on the final symptomatic infections attack rate (Fig. 5C). Shortening the time delay from symptom onset to sample
collection can effectively increase the EPP when the reproduction number is lower than 1.9, while it does not have a
remarkable effect for higher values of Rq (Fig. 5D). Considering a shorter delay has limited effect on the peak daily incidence of
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Fig. 6. Effectiveness of different implementation processes. A EPP for TTI across different TTI levels and Ry values. Dashed lines represent tracing of both direct
and secondary contact tracing, while solid lines represent tracing of direct contact tracing only. B Reduction in peak incidence of new symptomatic infections
across different TTI levels and Rg values. C Delay in the peak timing across different TTI levels and Ry values. D Reduction in symptomatic attack rate across
different TTI levels and Ry values. E Mean isolation or quarantine period per 1000 individuals across different TTI levels and Rq values. F Peak daily number of
isolated or quarantined individuals per 1000 individuals across different TTI levels and R, values.
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Fig. 7. Effectiveness of TTI in combination with other social distancing measures.

A EPP across various reproduction numbers for TTI-L5 in combination with a 30%, 50%, or 70% reduction in the number of community contacts. B As A but for the
reduction in the symptomatic attack rate. C As A but for the mean number of days spent in isolation or quarantine per individual. D EPP across various
reproduction numbers for TTI-L5 in combination with a 50% reduction of community contacts, fully online education, and 10%, 30%, or 50% reduction of in-person
contacts at the workplace. E as D but for the reduction in the symptomatic attack rate. F as D but for the mean number of days spent in isolation or quarantine per
individual.

symptomatic infections and on the final symptomatic attack rate (Fig. 5E and F). On the other hand, the duration of the contact
tracing time window has a larger impact on the peak daily incidence of symptomatic infections and final symptomatic attack
rate than on the EPP (Fig. 5G—I). Moreover, our sensitivity analyses show that the fraction of recurring contacts, delay in test
result, testing probability, and tracing probability have limited effect on the estimated impact of TTI-L5 (Figs. 5—10 in
Supplementary Methods).

3.3. Comparison between different TTI implementations

Our results show that strategies considering quarantine of contacts (TTI-L3, TTI-L4, TTI-L6, TTI-L7) have a larger EPP than
strategies that either avoid tracing contacts or require contacts to be tested before isolation (TTI-L1, TTI-L2, TTI-L5) (Fig. 6A).
Moreover, strategies that trace both primary and secondary contacts perform particularly well (Fig. GA).

For uncontained epidemics, we found that the peak daily incidence of new symptomatic infections and the final symp-
tomatic attack rate decreases as the level of TTI implementation increases (L1 to L7) (Fig. 6B—D). In particular, we observe a
large difference between TTI-L1,2 (no contact tracing and home isolation of primary contacts based on testing, respectively)
and TTI-L3 (home quarantine of primary contacts) (Fig. 6B—D). In terms of peak timing, the pattern is less clear as the level of
TTI increases, the incidence becomes flatter and with high level of TTIs we can observe either a highly delayed epidemic peak
or a small delay (or even an anticipated peak) epidemic peak of a remarkably reduced size (Fig. 6B and C). Moreover, we found
that given a value of the reproduction number, in general the cost associate with the intervention increases as the inter-
vention level increases (Fig. 6E and F). A notable exception is represented by TTI-L6 (home quarantine of primary and sec-
ondary contacts), which is less effective than TTI-L7 (quarantine of primary and secondary contacts in dedicated facilities) in
mitigating an outbreak, but entails a larger number of days in isolation/quarantine than it.
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3.4. Social distancing scenario and enhanced scenario

Drawing from NPIs implemented during the COVID-19 pandemic, we integrated TTI with social distancing measures
targeting community contacts, such as those occurring during public events and leisure activities. The combination of TTI
with a limitation of community contacts significantly enhanced the effectiveness of the intervention across all the analyzed Rg
values, increasing both the likelihood of containing an outbreak (Fig. 7A) or, should an outbreak unfold, mitigating its burden
(Fig. 7B), but entail high social costs (Fig. 7C). Furthermore, we analyzed a scenario assuming a 50% reduction of community
contacts, fully online education, and partial reduction of in-person work. This combined strategy provides higher likelihoods
of successfully containing an outbreak, although the EPP is lower than 50% for Rg > 2 (Fig. 7D). The mitigation effect of this
strategy is estimated to be above 35% for Ry up 3.1 (Fig. 7E), although the prolonged application of this strategy would lead to
major social costs (Fig. 7F). Compared to Fig. 7C, the reduction in the mean isolation/quarantine period per individual in Fig. 7F
is attributed to the enhanced effectiveness of the intervention resulting from the closure of schools and workplaces, but at the
cost of hindering normal operations in both educational and professional settings.

4. Discussion

In this study, we developed a multi-layer synthetic population encompassing households, schools, workplaces, and
community based on public records. To model the complex contact patterns of real-world contacts, we then generated a
temporal contact network determining contacts between agents in the synthetic population based on diary-based contact
survey data collected in 2017-18 in Shanghai, China. This multi-layer temporal network was used to simulate the spread of
respiratory pathogen and perform a model-based evaluation of the effectiveness of alternative implementations of TTI, using
SARS-CoV-2 as a case study. Our results indicate that TTI can be effective in containing an outbreak for values of the
reproduction number up to 1.3. However, even at higher reproduction numbers, secondary contact tracing and isolation
under TTI ensure that a substantial proportion of infections are quarantined, thereby reducing the number of symptomatic
cases at the peak—yet this comes at considerable social costs. Our results show that strategies considering quarantine of
contacts lead to a larger EPP than strategies that either avoid tracing contacts or require contacts to be tested before isolation.
Moreover, strategies that trace both primary and secondary contacts perform particularly well. Combining TTI with other
social distancing measures can improve the likelihood of successfully containing an outbreak but the estimated EPP remains
lower than 50% for reproduction numbers higher than 2.1.

Our model offers several advantages as compared to theoretical network-based models. First, the synthetic population
closely fits socio-demographic data. Second, we developed a multi-layer temporal contact network based on real contact
survey data, where each layer in the synthetic population has distinct connection rules and contact number distributions.
Moreover, the contact weights for each layer were calibrated based on epidemiological data from the literature, enabling a
more accurate simulation of complex contact patterns in real environments. We conducted sensitivity analyses by varying
parameters related to the network structure (e.g., static vs. temporal networks, contact heterogeneity). Our results indicate
that temporal networks with uncorrelated, heterogeneous contacts lead to a higher peak of infections and a larger attack rate
compared to static networks. However, they also show a higher effectiveness of TTI. This highlights the importance of un-
derstanding the contact network and its temporal variations to properly assess epidemic spread and the effectiveness of TTI.
New studies are being conducted to estimate the “new normal” for social contacts after the COVID-19 pandemic (Liang et al.,
2025) and to understand the temporal variations in the number of contacts (Kummer et al., 2024), but new knowledge is also
warranted to quantify the frequency and likelihood of repeated interactions.

Our analysis has several limitations. First, we made several optimistic estimates regarding the implementation of inter-
vention measures, such as assuming zero delay from case confirmation to initiating contact tracing, unlimited PCR capacity
and immediate implementation of social distancing measures. In reality, all these parameters should be tailored to the real-
world conditions and capacity of the study site. Previous research has already demonstrated that these factors significantly
affect the effectiveness of TTI. Second, our assessment of the costs associated with TTI is entirely based on the number of days
spent in isolation/quarantine. Other indicators should be considered to estimate the cost of the intervention more broadly
(e.g., economic costs, mental health, loss of productivity for care givers). Third, we assumed that all individuals in the
community layer were potentially exposed to the pathogen; this represents a coarse-grained assumption that could be
improved when new data on social interactions will be available. Additionally, the contact patterns data that we used to
calibrate the model was collected before the COVID-19 epidemic, and thus the extent to which this data is representative of
the “new normal” remains unclear. Furthermore, our synthetic population and multi-layer network are based on data from
China. However, Mistry et al. (2021) have shown that regional differences in population structures, economic conditions, and
education levels significantly impact contact patterns, influencing key epidemic indicators such as the reproduction number
and attack rate. Future studies could integrate more diverse socio-demographic data to enhance the applicability of our
findings.

In conclusion, our model-based evaluation highlights the challenges of relying on TTIs to contain an outbreak of a novel
pathogen with characteristics similar to SARS-CoV-2. Our analysis also shows that the estimated effectiveness of TTI depends
on the way contact patterns are modeled, supporting the relevance of obtaining updated and comprehensive data on human
social interactions.
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