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While severe social distancing measures have proven effective in slowing the COVID-19 pan-
demic, second-wave scenarios are likely to emerge as restrictions are lifted. Here, we integ-
rate anonymized, geo-localized mobility data with census and demographic data to build a
detailed agent-based model of SARS-CoV-2 transmission in the Boston metropolitan area.
We find that a period of strict social distancing followed by a robust level of testing, contact-
tracing, and household quarantine could keep the disease within the capacity of the health
care system while enabling the reopening of economic activities. Our results show that a
response system based on enhanced testing and contact tracing can play a major role in re-

laxing social distancing interventions in the absence of herd immunity against SARS-CoV-2.

Introduction

The first report of a new infectious disease, later coined COVID-19, appeared on 31 December
2019'. As of 15 July 2020, the virus has spread to 188 countries with more than 13.3 millions
confirmed cases worldwide, and killing more than 579,500 people. As the number of confirmed
COVID-19 cases increased and the expansion of the disease entered into a global exponential
growth phase, a large number of affected countries were forced to adopt non-pharmaceutical inter-
ventions at an unprecedented scale. Given the absence of specific antiviral prophylaxis, therapeut-
ics or a vaccine, non-pharmaceutical interventions ranging from case isolation and quarantine of
contacts, to the lock-down of entire populations have been implemented with the aim of suppress-

ing/mitigating the epidemic before it could overwhelm the health care system. Although these ag-



gressive measures appear to be successful in reducing the number of deaths and hospitalizations®*,

and in reducing the transmission of the SARS-CoV-2 virus, the absence of herd immunity after the
first wave of the epidemic points to a large risk of resurgence when interventions are relaxed and
societies go back to a “business as usual” lifestyle®”’. It is therefore of paramount importance
to analyze different mitigation and containment strategies aimed at minimizing the risk of poten-
tial additional waves of the COVID-19 epidemic while providing an acceptable trade-off between

economic and public health objectives.

In the present work, through the integration of anonymized and privacy-enhanced data from
mobile devices and census data, we build a detailed sample of the synthetic population of the
Boston metropolitan area in the United States (see Figure 1a and 1b). This synthetic population
(Figure 1a) is used to define a data-driven agent-based model of SARS-CoV-2 transmission and
to provide a quantitative analysis of the evolution of the epidemic and the effectiveness of social
distancing interventions. The model allows us to explore strategies concerning the lifting of social
distancing interventions in conjunction with testing and isolation of cases and tracing and quarant-
ine of exposed contacts. Our results indicate that after the abatement of the epidemic through the
“stay at home” orders and halt to all nonessential activities, a proactive policy of testing, contact
tracing and contacts’ household quarantine allows the gradual reopening of economic activities
and workplaces, with a low COVID-19 incidence in the population and a manageable impact on

the health care system.

To provide a quantitative estimate of the contact patterns for the population of agents and



to build the synthetic population of the Boston Metropolitan Area (BMA), we used detailed mo-
bility and socio-demographic data and generated a network that encodes the contact patterns of
about 85,000 agents in the area during a period of six months (see Supplementary Material, SM).
Agents are chosen to be representative of the different census areas in the Boston area following
the methodology used in Ref.®. This defines a weighted multilayer network consisting of three
layers representing the network of social interactions at (1) workplace/community level (W+C),
(2) households, and (3) schools, as shown in Figure 1a. Connections between two agents in the
W+C layer are estimated from the data by the probability of both being present in a specific place
(e.g. restaurant, workplace, shopping) weighted according to the time they have spent in the same
place. A second layer represents the households of each anonymous individual. Using the home
census block group of each anonymous user we associate each individual to a specific household
profile based on socio-demographic data at US census block group level®. Families are generated
by randomly mixing nodes from the community living in the same census block group, following
the statistical features of family types and sizes. Finally, a third layer represents the contacts in the
schools (i.e., every node represents one synthetic student and has contacts only with other individu-
als attending the same school). To study the evolving dynamics of the infection, we implemented
a stochastic, discrete-time compartmental model in which individuals transition from one state to
the other according to key time-to-event intervals (e.g., incubation period, serial interval, and time
from symptom onset to hospital admission) as from available data on SARS-CoV-2 transmission.
The natural history of the disease is captured by the epidemiological model represented in Figure

lc, where we also show the transition rates among compartments® !°'2, The model considers that



susceptible individuals (S) become infected through contact with any of the infectious categories
(infectious symptomatic (Is), infectious asymptomatic (I,) and pre-symptomatic (Ps)), transition-
ing to latent compartments (Lg) and (L,), where they are infected but not infectious yet. Latent
individuals branch out in two paths according to whether the infection will be symptomatic or
not. We also consider that symptomatic individuals experience a pre-symptomatic phase and that
once they develop symptoms, they can experience diverse degrees of illness severity, from mild
symptoms to being hospitalized (H) or in need of an intensive care unit (ICU)'3. Finally, indi-
viduals transition in the removed compartment (identifying recovered or dead individuals). The
model assumes a basic reproductive number %, = 2.5, which together with the rest of the para-
meters (see SM, table S1) yields a generation time 7, = 6.6 days. We consider a 25% fraction
of asymptomatic individuals. We report the full set of parameters used in the model and an ex-
tensive sensitivity analysis in the SM file. The model is not calibrated to account for the specific
evolution of the COVID-19 epidemic in Boston as it is aimed at showing the effect of different
non-pharmaceutical interventions rather than providing a forensic analysis of the outbreak in the
BMA. Furthermore current data on the detailed reopening policies in the BMA during the summer
are still under evaluation pending the future evaluation of the epidemic trajectory. Details on the
generation of the synthetic population network and the infection transmission model are provided

in the SM.



Results

To provide a baseline of the COVID-19 impact in the Boston metropolitan area, we have first in-
vestigated an unmitigated scenario in which no interventions are implemented. Results for the
unmitigated scenario are shown in Figure 2, panels a-c. A COVID-19 unmitigated epidemic would
have a peak of daily incidence of 25.2 (95% C.I: 23.8-26.4) newly infected individuals per 1,000
people. The epidemic follows a typical trajectory, namely, when the effective reproduction number
R as a function of time (panel c) becomes smaller than 1, the transmission dynamics slow down
and eventually vanish after having infected about 75% of the population (Figure 2b). Figure 3a
shows the evolution of the estimated number of new severely affected patients who require hospit-
alization and admission into ICUs. At the peak of the unmitigated epidemic, the number of ICU
beds needed exceeds by far the available capacity (dashed horizontal line in Figure 3a) by more
than a factor of 10, thus indicating that the health care system would suffer large service disrup-
tions, resulting in additional deaths due to hospitals overcrowded with patients with COVID-194,
It is worth noting that current estimated fatality rates consider the general availability of ICU beds
and critical care capacity. If this would not be possible the fatality rate may increase dramatically.
Here we do not report fatality estimates as it goes beyond the scope of our analysis and should con-
sider specific data on the BMA, as well as changing medical treatment and therapeutics in future

months.

To avoid the harmful effects of an unmitigated COVID-19 epidemic, governments and policy

makers across the world have relied on the introduction of aggressive social distancing measures.



In the United States, as of April 15 2020, it was estimated that more than 95% of the population
was under a “stay at home” or “shelter in place” order'>'¢. To model the social distancing policies
implemented in the whole Boston metropolitan area, we have considered March 17, 2020 as the
average starting date of social distancing policies that include school closures, the shut down of
all non-essential work activities as well as mobility restrictions (see SM for details). This scenario
mimics the social distancing intervention implemented in most of the high income countries, in
Europe and across states in the US. Such extreme social distancing policies come with very large
economic costs and social disruption effects!’, thus prompting the question of what exit strategy
can be devised to restart economic activities and normal societal functions'8. For this reason, we

explore two different scenarios for lifting social distancing interventions:

e Lift scenario (LIFT): the “stay at home” order is lifted after 8 weeks by re-opening all work
and community places, except for mass-gathering locations such as restaurants, theaters,
and similar locations (see SM). The latter partial re-opening is enforced for another 4 weeks,
which is followed by a full lifting of all the restrictions that remained. We consider that
schools will remain closed given the impending summer break in July and August, 2020. In
fact, some school systems, like the Boston Public schools, have announced they will remain

closed through the 2019-2020 school year.

e Lift and enhanced tracing (LET) scenario: The “stay at home” order is lifted as in the previ-
ous scenario. Once partial reopening is implemented, we assume that 50% of symptomatic

COVID-19 cases can be identified for SARS-CoV-2 infection, on average, within 2 days



after the onset of symptoms and that they are isolated at home and their household members
are quarantined successfully for 2 weeks (a sensitivity analysis for lower rate of isolation
and quarantine is presented in the SM). Although COVID-19 tests are highly specific, 50%
detection accounts also for imperfect testing. We also assume that a fraction of the non-
household contacts (we show results for 20% and 40%) of the symptomatic infections can
be traced and quarantined along with their household as well — note that we consider that
the contacts are identified with a rate proportional to the time duration of the interaction with

the symptomatic individual.

The above scenarios are mechanistically simulated on the multilayer network of Figure 1a,
by allowing different interactions (between effective contacts) according to the simulated strategy.
As a result, the average number of interactions in the W+C layer goes from 10.86 (95% C.1.:1.51-
42.39) under the unmitigated scenario, to 4.10 (95% C.1.:0-23.79) for the partial lock-down and
only 0.89 (95% C.1.: 0-8.39) contacts for the stay at home policy, see Methods and SM for more
details. This result is in agreement with previously published work!® and recent reports in the New
York City area®’. It is worth remarking that the fluctuations in the number of contacts in the stay
at home order is due to a large extent to contacts that take place in grocery stores and other public

venues.

The numerical results show that the LIFT scenario, while able to temporally abate the epi-
demic incidence, does not prevent the resurgence of the epidemic and a second COVID-19 wave

when the social distancing measures are relaxed. In Figure 2d, we show that following the lifting



of social distancing the infection incidence starts to increase again, and the effective reproductive
number, that dropped by circa 75% and reached values below 1 with the intervention, increases
to values up to 2.05 (95%CI: 1.73-2.47) (see Figure 2f). Indeed, at the time of lifting the social
distancing intervention the population has not achieved the level of herd immunity that would pro-
tect it from the resurgence of the epidemic. It is important to stress that here we do not consider
additional mitigation measures such as behavioral changes in the population, mask wearing, etc
(see the SM). We also estimate that a second wave of the epidemic still has the potential to infect
a large fraction of the population (Figure 2e) and to overwhelm the health care systems, as shown
in Figure 3b. The number of ICU beds needed, although half the unmitigated scenario, is still
exceeding by far the estimated availability, as pointed out in similar scenario analysis >~-2!. This
suggests that lifting social distancing without the support of additional containment strategies is

not a viable option.

In the case of the LET scenario, the lifting of the social distancing intervention goes along
with a significant amount of contact tracing and precautionary quarantine of potentially exposed
individuals. The quarantine is not limited to the contacts of the identified symptomatic COVID-19
case, but extended to their households. This strategy amounts to a simplified tracing of contacts
of contacts, that would not require extensive investigations. In other words, this strategy does not
require the tracking of a large number of single contacts but leverage on the contacts’ households as
the basic unit ?>. Households could be monitored though, with daily calls or messages to ascertain

the onset of symptomatic infections, and provide medical support as needed.



Figure 2g shows results obtained for different levels of tracing (no tracing, 20% and 40%) of
the contacts of the symptomatic isolated COVID-19 cases. By comparing Figure 2d with Figure
2g (for no tracing), we find that quarantining households of symptomatic subjects alone is not
enough to significantly change the course of the epidemic and the conclusions reached for the first
of these scenarios. When 40% or more of the contacts of the detected symptomatic infections are
traced and they and their households quarantined, the ensuing reduction in transmission leads to a
noticeable flattening of the epidemic curve and appears to effectively limit the possible resurgence
of a second epidemic wave. It is also worth noticing that we assume the absence of other additional
and minimally disruptive social distancing policies such as crowd control, smart working, wearing
of masks, etc., that could lead to a further reduction of the transmissibility of the virus with respect
to our estimates. In the SM file we investigate the positive synergistic effect of the combination of
the LET strategy in the presence of different levels of transmissibility reduction due to additional
mitigation policies. It is important to stress that the contact tracing proposed here works at the
level of household unit, simplifying also the monitoring and follow up process, by contacting only
one member of the household to monitor the onset of symptoms among all members (we further
explore other isolation/quarantine strategies in the SM). Figure 3¢ and Tablel show the burden
in hospitalization and ICU demand in the unmitigated situation and the two mitigation scenarios.
The LET scenario allows relaxation of the social distancing interventions while maintaining the
hospital and ICU demand at levels close to the health-care availability and surge capacity. For the
sake of completeness in the SM file we report the analysis for a LIFT scenario including the school

and university reopening in the fall. The results show that in absence of additional containment
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policies the tracing effort would need to be raised of about 50% to cope with the increased number

of infections.

Discussion

The efforts in the suppression and mitigation of COVID-19 are pursuing the objectives of pre-
serving the health care system from disruptive failures due to overwhelming stress imposed by the
large number of severe cases, and of minimizing the morbidity and mortality related to the epi-
demic. The aggressive social distancing interventions implemented by many countries in response
to the COVID-19 pandemic appear to have achieved the interruption of transmission and the abate-
ment of the epidemic, although at the price of huge societal disruption and economic costs. In such
a context, the identification of “exit strategies” that allow restarting economic and social activit-
ies while still protecting the healthcare systems and minimizing the burden of the epidemic is of
primary importance. Several modeling studies have already pointed out that resuming economic
activities and social life is likely to lead to a resurgence of the COVID-19 epidemic, and combined
social distancing interventions of different degrees and intensity have been proposed to substan-

tially delay and mitigate the epidemic!”-?!

. These interventions still generate economic loss and
widespread disruption to social life. Here we show how testing, contact tracing strategies at scale,
based on home isolation of symptomatic COVID-19 cases and the quarantine of a fraction of their
households’ contacts, has the potential to provide a viable course of action to manage and mitigate

the epidemic when social distancing interventions are progressively lifted®>2*. These strategies

present us with logistic challenges that include large-scale and rapid diagnostic capacity, and a
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large surge in the number of contact tracers. We have investigated what fraction of the population
would be isolated/quarantined under the proposed contact tracing and isolation strategy. Figure 4a
shows the fraction of households that needs to be quarantined. Assuming the identification of 50%
of the symptomatic infections, and tracing of 40% of their contacts and households, only about
9% of the population would be quarantined at any time. While this is certainly a relevant fraction
of the population, it is a much better option if compared with massive social distancing policies

affecting the entire population that last for months.

In Table 1, we report the number of symptomatic infections for which the contact tracing
investigation should be performed in the basic scenarios. This number provides an estimate of the
contact tracers per 1,000 individuals. It is important to note that the more effective is the contact
tracing starting from each individual, the smaller is the number of generally traced households
because the epidemic has lower incidence rates. In addition, as illustrated in Figure 4b, the health
status of the vast majority of quarantined individuals is unknown as contact tracing does not im-
ply testing. The curves in Figure 4a constitute the upper bounds for each simulated case. If we
assume that the capacity to do massive testing would likely ramp up in the near future, then it is
expected that the actual number of people in quarantine could be significantly lowered by testing
the quarantined household. This would also alleviate the burden on household members that could
not go to work and increase compliance of quarantine for the positive cases. It is also worth re-
marking that many of the logistic challenges faced with massive contact tracing might possibly
be eased by digital technologies that are currently being investigated across the world following

the examples of COVID-19 response in Asian countries®*. Also it may be difficult to quarantine
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the entire household of individuals who are potentially exposed, since this is a hardship suffered
with great uncertainty about their risk of infection. Offering other logistic quarantine solutions

(quarantine centers, hotel rooms) might significantly raise the rate of compliance.

These results were obtained under several assumptions. There are very large uncertainties
around the transmission of SARS-CoV-2, in particular, the fraction of sub-clinical and asympto-
matic cases and their transmission. Estimates of age-specific severity are informed from the ana-
lysis on individual-level data from China and other countries, and subject to change as more US
data become available. We also do not include specific co-morbidities or pre-existing conditions of
the specific BMA population. For this reason, in the SM we perform an extensive sensitivity ana-
lysis showing that the modeling results discussed here are robust to the plausible range of parameter
values for the key time-to-event intervals of COVID-19 (e.g., incubation period, serial interval, and
time from symptom onset to hospital admission, etc.) as well as the fraction of presymtpomatic
and asymptomatic transmission. We are also not considering here potential changes to the virus
transmissibility due to environmental factors, in particular, seasonal drivers such as temperature
and humidity. The modeling does not consider possible reintroduction of SARS-CoV-2 in the pop-
ulation from infected travelers. Strategies based on testing, isolation and contact tracing might be
hampered by the importation through travel of a large number of infections, thus travel restrictions
and screening may need to be introduced to/from places that show sustained local transmission.
Finally, we report in the SM the effect of the widespread use in the population of masks or other
personal protective equipment that lead to a reduction of the transmissibility of SARS-Cov-2.

These active protection measures improve the effectiveness of the exit strategies modeled here.
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The modeling of the impact of testing, contact tracing and isolation on second-wave scen-
arios of the COVID-19 epidemic could be instrumental to national and international agencies for
public health response planning. While we show that contact tracing and household quarantine at
scale may be effective even assuming a complete lifting of the social distancing measures, future
decisions on when and for how long to relax policies will need to be informed by ongoing sur-
veillance. For instance, smart working from home for people who can adhere to it without serious
disruptions should be encouraged. This, as well as other minimally disturbing policies together
with efficient and large-scale testing, contact tracing and monitoring of the epidemic should be

considered in the definition of exit strategies from large scale social-distancing policies.

Methods

Weighted synthetic population. Our synthetic population is constituted by circa 85,000 nodes,
of which 64,000 are adults and 21,000 are children (defined as individuals aged 17 or less), see
Figure 1b. The total number of interactions among these individuals before social distancing is

given by more than SM edges, see SM for a finer description.

1) Community weighted contact network. The community network is approximated us-
ing 6 months of data observation in the Boston area from anonymized users who have opted-
in to provide access to their location data anonymously, through a GDPR-compliant framework
provided by Cuebiq. Individuals performing the analysis were legally required to never single out

identifiable individuals and not make attempts to link these data to third party data about an indi-
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vidual. In this layer each agent in our synthetic population represents an anonymous individual of
the real population. The data allow us to understand how infection can propagate in each layer by
estimating co-location of two individuals in the same setting. We use a large database of 83,000
places from Foursquare API in the BMA. Specifically, the weight, wc,;, of a link between individu-
als 7 and 7 within the workplace plus community layer is computed according to the expression:

T, T o
wCij = FPTLpa v%]
p Y

where T;), is the total time that individual 7 was observed at place p and 7; is the total time that
individual 7 has been observed at any place set within the workplace plus community layer. Note
that while the mobility data set we use is large, co-location events between individuals are still
quite sparse. Because of this sparsity, and to protect individual privacy in our analysis, we have
adopted this probabilistic approach to measure co-presence in all locations mapped in the data-
set. Since agents are representative of the different census areas and groups of the Boston area,
our probabilistic approach is a good proxy for the real probability of co-presence between those
groups/areas when networks are scaled up to the total population of the Boston area, that is ap-
proximately 4,628,910 inhabitants. Finally, for robustness and computational reasons, we have

included only links for which w¢,, > 0.001.

2) Household weighted contact network. We first localize individuals’ approximate home
place according to the US census block group. Then we assign a type of household based on
Table B11016: Household Type by Household Size from US Census 2018°, and mix individuals
that live in the same block according to statistics of household type and size. Finally, children are

15



assigned to households (see the SM for a more detailed description). We also assign individuals
an age group based on Table BO1001: Sex and age from the US Census 2018. To assign weights,
we assume that the probability of interaction within a household is proportional to the number of
people living in the same household (well-mixing). Therefore, the weight, wy,;, of a link between

individuals ¢ and j within the same household is given by:

_
(nn, — 1)

w H;;

where ny, is the number of household members. This fraction is assumed to be the same for all

individuals in the population.

3) School weighted contact network. To calculate the weights of the links at the school
layer, we mix together all children that live in the same school catchment area. Interactions are
considered well-mixed, hence, the probability of interaction at a school is proportional to the num-
ber of children at the same school. Therefore, the weight, Ws,;» of a link between children ¢ and j
within the same school is given by:

Y

where n, is the number of school members.

Calibration of intra-layer links. Within each connected component of the network in each layer
(e.g., a household, a school), the links between nodes are weighted to account for the effective
daily number of contacts. For example, if we consider a school, while a student can potentially

contact all her/his schoolmates, she/he only meet a relatively small fraction of them on a daily
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basis as estimated in empirical studies on mixing patterns 226, To account for this, we calibrate
the weight of the links in each layer of the synthetic network ?’ so that the mean number of daily
contacts matches the estimation provided in Mistry et al. ?® (see SM for details). Based on the
analysis of contact survey data from 9 countries?-?6:2%30  this study estimated the mean number of
daily contacts at 10.86,4.11 and 11.41 in the community+workplace, household and school layers,

respectively.

Stochastic simulations of the COVID-19 dynamics. We describe the SARS-CoV-2 transmis-
sion process using a discrete time Susceptible-Latent-Infected-Removed (SLIR) stochastic model,
with some extra compartments to incorporate the special characteristics of SARS-CoV-2 infection,
Figure Ic. In particular, at each time-step ¢ (1 day), the infectious asymptomatic (1), infectious
symptomatic (Is) and pre-symptomatic (Ps) individuals can transmit the disease to susceptible (S)
subjects with probability r/3, § and Sg, respectively. If the transmission is successful, the sus-
ceptible node will move to the latent asymptomatic state (o) with probability p or to the latent
symptomatic state (Lg) with probability (1 — p). A latent asymptomatic individual becomes in-
fectious asymptomatic after a period (¢ )~!, whereas latent symptomatic subjects transition, after
a period €1, to the pre-symptomatic (Ps) compartment. The average period to develop the dis-

ease and move to the infectious symptomatic state is 7.

Infectious asymptomatic nodes will
be removed (R) after an average of . steps. Conversely, infectious symptomatic nodes can either

recover after that period with probability (1 — «) or, with probability «, these nodes will need

hospitalization. It is considered that due to their symptoms they will self-isolate at home after an
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average period of 1. Then, depending on the severity of the symptoms, after a period 6! the
individual will end in hospitalization with probability (1 — y) or require hospitalization and ICU
care with probability y. Finally, individuals that are either hospitalized or at ICU become removed
with probability piy or pycu, respectively. We initialize the model in the city of Boston by selecting
an attack rate on the 17th of March of 1.5% (a sensitivity analysis of this quantity is provided in

the SM).

Social distancing strategies. To simulate social distancing measures, we modify the synthetic

population such that:

e School closures are simulated by removing all the schools from the system simultaneously.

e Partial ’stay at home” assumes that all places are open except restaurants, nightlife and
cultural places. Closures of these places are simulated by removing the interactions that
occur in any place that falls into that category according to Foursquare’s taxonomy of places.

This is the situation after the first reopening.

e Full lock-down and confinement assume that schools and all non-essential workplaces are
closed. Here we close all workplaces except essential ones and remove interactions that
occur at them. Essential workplaces are: Hospitals, Salons, Barbershops, Grocery Stores,
Dispensaries, Supermarkets, Pet Stores, Pharmacies, Urgent Care Centers, Dry Cleaners,

Drugstores, Maternity Clinics, Medical Supplies and Gas Stations.

The connectivity distributions for each of the scenarios simulated as well as other statistics related

18



to the effects of the lock-down are shown in the SM.

Data availability

The data that support the findings of this study is available from Cuebiq through their Data for
Good program, but restrictions apply to the availability of these data, which were used under
licenses for the current study, and so are not publicly available. Aggregated data used in the
models are however available from the authors upon reasonable request and permission of Cuebiq.
Other data used comes from the American Community Survey (5-year) from the Census, which is

publicly available.

Code availability

Custom code that supports the findings of this study is available from the corresponding author

upon request.
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Figure 1 Model components. Panel a is a schematic illustration of the weighted mul-
tilayer synthetic population built from mobility data in the metropolitan area of Boston.
The agent-based system is made up by around 64000 adults and 21000 children, whose
geographical distributions are shown in panel b. Nodes are connected by more than 5
million weighted edges. Community layers (that include workplaces), are further clas-
sified into categories according to Foursquare’s taxonomy of places. Panel ¢ displays
the compartmental model used to describe the natural history of the disease as well as
the transition rates between the different states. Specifically, we consider Susceptible
(S), Latent asymptomatic (La), Latent symptomatic (Ls), Pre-symptomatic (Ps), Infectious
asymptomatic (la), Infectious symptomatic (ls), Hospitalised (H), Hospitalized in intensive
care (ICU) and Recovered (R) individuals. More details of the model and the transitions

between compartments are provided in Methods and the SM.

Figure 2 Impact of COVID-19 under different scenarios. Evolution of the number of new
cases (a, d, g), the outbreak size (b, e, h) and the effective reproductive number (c, f, i)
as a function of time in each situation studied. Results of the SARS-CoV-2 transmission
dynamics are shown for the unmitigated scenario (top panels a-¢), and the two social
distancing interventions considered, LIFT (d-f) and LET scenarios (g-h). In both cases,
we considered the closure of schools and non-essential places for 8 weeks. This is the
strictest lock-down period, which is followed by a partial lifting of the stay-at-home policy
whose duration is set to 4 weeks. During the partial lifting, all places in the community
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Scenario

Hospitalization

ICU

Individuals traced

Unmitigated

4.57 (4.10-5.03)

2.56 (2.21-2.91)

LIFT

3.22 (2.80-3.67)

1.87 (1.55-2.20)

No Tracing
LET Detection 30% Tracing 20%

Tracing 60%

2.70 (2.29-3.12)
0.86 (0.65-1.10)

0.35 (0.21-0.50)

1.58 (1.27-1.88)
0.55 (0.39-0.72)

0.22 (0.12-0.34)

0.52 (0.36-0.69)

0.17 (0.08-0.27)

No Tracing
LET Detection 50% Tracing 20%

Tracing 40%

2.35 (1.97-2.75)
0.44 (0.28-0.62)

0.29 (0.18-0.43)

1.39 (1.11-1.68)
0.28 (0.16-0.42)

0.15 (0.08-0.26)

0.39 (0.23-0.55)

0.14 (0.05-0.23)

Table 1: Mean and 95% C.I. of the number of normal hospitalizations, ICU hospitaliza-

tions and symptomatic individuals identified/traced (when applicable) at the peak of the

epidemic per 1,000 people. The estimated availability of ICU beds is 0.21 beds per 1,000

people.
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layer are open except mass-gathering locations (restaurants, theaters, etc, see SM). Fi-
nally, a full reopening takes place after the period of partial lifting ends (relevant events are
marked with the vertical lines). Panels d-f consider that no other measures are adopted
concurrently to the lifting of the restrictions, whereas the results in panels g-i have been
obtained when the reopening is accompanied by an active policy consisting of testing the
symptomatic individuals, home isolating them, and quarantining their household and the
households of a fraction of their contacts, as indicated in the legend of the bottom panels.
Note that the vertical scales of panels a, d, and g are not the same and that both the
number of new cases and total cases are per 1,000 inhabitants. In all panels the solid line

represents the average over 10,000 simulations and the shaded region the 95% C.I.

Figure 3 Impact on the Boston health care system. Estimated number of individuals per
1,000 inhabitants that would need hospitalization (H), and intensive care (ICU) for each
of the three scenarios considered in Figure 2. Panel a corresponds to the unmitigated
situation, whereas results for the LIFT and LET strategies are shown in panels b and c,
respectively. The horizontal dotted-dashed lines represent the ICU basal capacity of the
Boston health care system. The dotted line in panel ¢ indicates 30% of the ICU basal

capacity.

Figure 4 Affordability of the best way-out scenario. LET strategy with 50% detection and
40% tracing. (a) Fraction of the population that needs to be put under quarantine as a
function of time and percentage of contact tracing. (b) Health status of the individuals that
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are quarantined for a contact tracing level of 40%. Note that only symptomatic individuals
are tested, which implies that a large fraction of the quarantined population is of unknown
status. This fraction of individuals quarantined with unknown health condition could be re-
duced if the capacity to do more tests increases. As it is shown, the pandemic might span
over several months depending on the level of contact tracing. (¢) Number of individuals
whose contacts are traced each day per 1,000 persons. Relevant intervention actions are

signaled by the vertical dashed lines in all panels.
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1 Mobility data

The mobility data was obtained from Cuebiq, a location intelligence and measurement company. The
dataset consists of anonymized records of GPS locations from users that opted-in to share the data anony-
mously in the Boston metropolitan area over a period of 6 months, from October 2016 to March 2017.
Data was shared in 2017 under a strict contract with Cuebiq through their Data for Good program where
they provide access to de-identified and privacy-enhanced mobility data for academic research and human-
itarian initiatives only. All researchers were contractually obligated to not share data further or to attempt
to de-identify data. Mobility data is derived from users who opted in to share their data anonymously
through a General Data Protection Regulation (GDPR) and California Consumer Privacy Act (CCPA)
compliant framework.

From the data we extracted the “stays”, as the places where anonymous users stayed (stopped) for at
least 5 minutes. Some of the stays happen within places (Points of Interest). We use a dataset of 86k
Points of Interest in the Boston metropolitan area collected using the Foursquare API. Stays are then
aggregated at place level. Finally we estimate the home Census Block Group of the anonymous users as
that in which they are more likely located during nighttime. This results in a dataset of the places people
stayed including the points of interest that anonymous users visited and the most likely census block group
of where the device owner lives.

2 Network structure

2.1 Agents

Our population consists of two different sub-populations, adults and children. Adults are sampled from
anonymous individuals in the mobility data collected by Cuebiq, each adult is associated with a home
location assigned to a US Census block group which is provided by our location data provider. With this
data we designed a population building pipeline that consists of three steps.

e First step, we build synthetically the number of households, their size and the presence of children
based on our adult population and the US Census [I] tables B11016 (Household Type by Household
Size) and B11003 (Family Type by Presence and Age of Own Children)

e Second step, we assign adults to households and in case of presence of children we generate them up
to reach the size of the household assigned in the first step.

e And final step, we assign ages to nodes using table B01001 (Ages by Sex) of age distribution within
the Census Block Group.

This process generates our synthetic population consisting of 85k agents (2% of the population in the
Boston Metropolitan Area), 64k (75%) of them are adults and 21k (25%) are children. Age groups are
distributed as follows: 6,027 (7%) agents for the age group between zero and five years old, 16,250 (18.9%)
agents for the age group between six and eighteen years old, 36,207 (42,2%) agents for the age group
between nineteen and fifty years old, 13,176 (15,4%) agents for the age group between fifty one and sixty
five years old, and final group, 13,945 (16,2%) agents for the age group between sixty six and older. All
of agents together form 43,167 households distributed as follows: 23,293 (53.9%) households with only one
agent, 7,886 (18.2%) with two agents, 4,959 (11.4%) with three agents, 4,486 (10.4%) with four agents,
1,784 (4.1%) with five agents, 514 (1.2%) with six agents, and finally, 245 (0.5%) with seven agents. In
Figure [1| we can see the comparison of our synthetic population against census data.
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Figure 1: Age groups and households demographics compared against US Census data. (a) Age groups
distribution. (b) Households size distribution.

Our sample from devices is very representative of the population in the Boston area. As we can see in
Figure [2| population and number of anonymous devices detected in the real data by census area are highly
correlated: p = 0.8 (Pearson correlation) with a CI between 0.77 and 0.82 for county subdivisions.

p =0.80[0.77,0.82]

0.30+

Percentage of devices
by County Subdivision

0.014.-"

0.01 0.03 0.10 0.30
Percentage of Population by County Subdivision

Figure 2: The correlation between the population for each county subdivision and the number of devices
in our dataset.

2.2 Contacts

In the unmitigated scenario, our network has a total number of 5,029,888 unique daily contacts, 3,924,694
(78%) of them in the community layer obtained using the mobility data, 160,748 (3%) and 944,446 (19%)
are synthetically built for the household and school layers, respectively. The community layer is based on
estimation of co-presence of two devices in Points of Interest visited by the anonymous users (see Methods
in the main paper). Points of interest (POIs) are categorized using the Foursquare taxonomy of places
which has ten main categories: Art & Entertainment (4.4%), Colleges & Universities (4.8%), Food (16.7%),
Nightlife Spots (3.9%), Outdoors & Recreation (10.6%), Professional & Other Places (23.7%), Shops &
Services (29.1%) and Travel & Transport (6.4%), and 638 subcategories. See [2] for a complete list of them.



2.3 Social distancing policies

We simulated two different scenarios for social distancing policies. This produces three contact networks:
i) baseline, ii) medium closure, and iii) non-essential closure, as we see it in more detail in Table
Schools are closed in the medium and non-essential closure, but both policies differ in the number of
places kept open in the community layer. In Table [2| we can see the distribution of POls, by main
Foursquare category, that remain open during each social distancing policy. In the baseline scenario, we
keep all the categories and thus the average number of contacts in the community layer is 63 (median
47, [15-150] 90% confidence interval), with few anonymous individuals having a large number of contacts
(that could eventually lead to super-spreading events). In the medium closure scenario, POIs in the Art &
Entertainment, Restaurants and Nightlife categories are closed; this drastically reduces the average number
of contacts to 27 (median 15, [0-92] 90%CI). Lastly, when all non-essential places are closed, we only keep
open the following subcategories: Hospital, Salon / Barbershop, Grocery Store, Dispensary, Supermarket,
Pet Store, Pharmacy, Urgent Care Center, Dry Cleaner, Drugstore, Maternity Clinic, Medical Supply, and
Gas Station. In this situation, the average number of contacts is reduced to 6 (median 0, [0-29] 90%CI).
The distribution for the number of contacts in the community layer in these three scenarios is shown in

Figure

Baseline Medium closure Non-essential closure
Layers Contacts %. Contacts % % Diff.  Contacts % % Dift.
Community 3,924,694 7R 1,378,054 274 -72.6 357,144 7.1 -92.9
Households 160,748 3.2 160,748 3.2 0 160,748 3.2 0
Schools 944,446 18.8 0 0 -100 0 0 -100
Total 5,029,888 100 1,538,802  30.6 -69.4 517,892 10.3 -89.7

Table 1: Number of daily contacts by layer and social distancing policy.

Baseline Medium closure. Non-essential closure.
POIs categories Open %. Open % % Diff.  Open % % Diff.
Arts and Entertainment 3,692 4.44 0 0 -100 0 0 -100
Colleges and Universities 4,016 4.83 4,016 4.83 0 0 0 -100
Restaurants 13,860 16.7 0 0 -100 0 0 -100
Nightlife Spots 3,288 3.95 0 0 -100 0 0 -100
Outdoors and Recreation 8,840 10.64 8,840 10.64 0 229 0.27 -97.4
Professional and Other Places 19,692  23.71 19,692 23.71 0 415 0.5 -97.8
Shops and Services 24,310  29.27 24310 29.27 0 5,139  6.19 -78.8
Travel and Transport 5,370 6.46 5,370 6.46 0 0 0 -100
Total 83,608 100 62,228  74.91 -25.6 5,783  6.96 -93.1

Table 2: Number of POIs open in the Community layer by the different social distancing measures and full
non-essential closure. Percentages are calculated with respect to the total number of POIs in the baseline.
2.4 Calibration of intra-layer links

As described in the main text, we define w;; as the weight associated to the link between node ¢ and j.

In the community+workplace layer, we estimate the mean number of daily effective contacts (nc) by
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Figure 3: Degree distribution in the community layer under normal conditions, soft social distancing
measures and full non-essential closure.

using we,;, which is based on the co-presence probability estimation. n¢ can thus be calculated as

o = 1/n Y >, woy
i€{Ln} JliAINGELL, )
= 25

By construction, the weights for the household layer were assigned as wp,; =1 /(h — 1), where h is the
number of household members, so that g = 1. Analogously, by construction, for schools we have ng = 1.

It is important to note that nc, m,g refer to the mean number of daily effective contacts in the synthetic
(non-calibrated) network. Based on the analysis of contact survey data from 9 countries [3|, 4, 5l [6] [7], the
estimated number of daily effective contacts by social setting is 10.86 in community+workplace, 4.11 in
household, and 11.41 in school.

To calibrate the weights of intra-layer links (&;), we associate to each layer a single rescaling factor w;
such that the mean number of daily effective contacts in that layer matches mean number of daily effective
contacts in the corresponding social setting. Therefore, the calibrated mean number of daily effective
contacts in the community+workplace layer 7¢ is

ic = 1/n Z Z wey; Woe+w

i€{Lmm} JljAAGE Ly m}

= 1/n Z Z Wy,
i€{1,..n} jli#inie{l,..n}
= 2.50 x 10.86/2.50

= 10.86

where weoqw = 10.86/2.5. Analogously for household and school layers we obtain wy = 4.11 and wg =
11.41.

3 SARS-CoV-2 transmission model

The values of all the disease parameters used for simulating the transmission dynamics are given in table 3]
Figure [4 shows the numerical distributions of these parameters as resulting from simulations of the model.



Parameters Description Age group Value Ref.
r relative infectiousness of asymptomatic individuals - 50% T
et latent period - 3 days [8]
¢ latent period - 5 days 8]
P proportion of asymptomatic - 25% [9]
1 pre-symptomatic period - 2 days 18]
pt time to removed/home stay - 2.5 days *
a symptomatic case hospitalization ratio (%) 0-4 0.0 [10]

5-17 0.025

18-49 2.672

50-64 9.334

65+ 15.465
X ICU % among hospitalized 0-4 5.0 [11]

5-17 5.0

18-49 5.38

50-64 17.10

65+ 44.71
5t days from home stay to hospital admission - 2 [12]
1 days in hospital - 8 [10]
% days in ICU - 13 [10]
k proportion of presymptomatic transmission - 15% [13]
Ry basic reproduction number - 2.5 T
15} transmission for symptomatic and asymptomatic individuals - m
Bs transmission for pre-symptomatic individuals - ;L(ﬂﬁkk)

Table 3: Baseline set of parameters. {: assumed (see Section |§| for sensitivity analysis);*: calibrated to the
generation time Tj.
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Figure 4: Model’s parameters and distributions summary.

3.1 Estimation of the effective reproduction number

We assume that the daily number of new infectious individuals C(¢) at time ¢ can be approximated as

t

C(t) ~ Pois | R() Y _¢(s)C(t—s) | | (1)

s=1

where ¢ is the generation time distribution and R(t) is the effective reproduction number at time ¢. The
generation time is directly measured in the simulations and fitted to a log-normal distribution with mean
6.6 days.

In each single run, the likelihood L of the observed time series of cases from day 1 to 7" is given by

L=][P(cw.R®)Y és)Clt—s) |, (2)

T t
=1 s=1

t

where P(k, ) is the probability mass function of a Poisson distribution. The posterior distribution of R(t)
is then explored using MCMC sampling [14, [15].

After the implementation of social distancing policies, a certain amount of nodes will be completely
disconnected from the system (individuals living alone who lose all their links in the community layer).



Denoting this quantity as Z(t), the actual number of infectious individuals that can produce new cases is
C(t) — Z(t). We modify expression (2)) accordingly so that

T t
L=]]r (C(t), R(t)Y ¢(s)[Clt—s) - Z(t - s)]) . (3)

s=1

Note that Z(t — s) will always be 0 in the unmitigated scenario and larger than zero only in a few steps
after the total closure.

In Figure We compare the effective reproduction number estimated using equations and . Right
after the closure the estimation obtained using shows a small valley followed by an increment of R(t).
This is produced by nodes that lose all their connections and thus cannot spread the disease at all. Once
they recover, since the disease will be still spreading through a small fraction of the system, R(t) seems to
increase. Using equation corrects this problem and R(t) shows a continuously decreasing trend until
the partial reopening.

a b
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Figure 5: Estimation of the effective reproduction number using equation (panel a) or (3) (panel b).
Solid lines represent the mean and the shaded region the 95% C.I.

3.2 Strategy implementation

On March 17th all links in the school layer are removed, as well as all links in the community+workplace
layer associated to non-essential places. After 8 weeks, all these links in the community+workplace layer
are restored, except the ones belonging to restaurants, nightlife, museums, etc (see Section 2.3 above).
Lastly, after 4 weeks the rest of the links of the community+workplace layer are added to the system
(while schools remain closed). We align the computational step with the real dates so that on March 17th
the attack rate in the population is 1.5% in the Figures shown in the main text. In section we explore
the effect of choosing different attack rates for initializing our simulations.

Then, in the LET scenario, quarantines are applied starting on the same day of the partial reopening
(i.e., 8 weeks after the initial closure). We have explored 3 types of quarantines:

i) A fraction ¢H of all the symptomatic individuals is identified after, on average, ¢I days of the onset of
symptoms. After identification, they are completely isolated in special locations (i.e., outside of their
households). A fraction ¢7T" of their contacts are traced and quarantined without testing in special
locations where they are also completely isolated.

ii) A fraction ¢H of all the symptomatic individuals is identified after, on average, ¢I days of the onset
of symptoms. After identification, they are isolated at their homes. A fraction ¢T" of their contacts
are traced and quarantined without testing at their homes.



iii) A fraction ¢H of all the symptomatic individuals is identified after, on average, ¢I days of the onset
of symptoms. After identification, they are isolated in their households and the rest of the household
is set in quarantine (i.e., they cannot contact anyone outside their household). A fraction ¢7" of their
contacts are traced and their households are quarantined without testing.

After 14 days, all individuals isolated or under quarantine are allowed to interact again, regardless of their
health status.

In Figure @, we explore the ICU usage at the peak as a function of the amount of detection (¢H) and
the amount of tracing (¢7") when symptomatic individuals are identified, on average, in 1, 2 or 3 days (¢I).
The dashed line represents the boundary of ICU saturation. For any pair of ¢T', gH values on the left of the
dashed line, the burden of ICU usage will surpass the current capacity. Note that the maximum capacity
is the same in all cases, but different values of detection and tracing produce a different maximum usage.
These results indicate that investing in contact tracing and symptomatic detection is a better strategy
than simply multiplying the number of available ICU beds. Indeed, doubling the ICU capacity would only
reduce the amount of symptomatic detection necessary by 10%.

We further explore the value of this threshold in Figure We observe that increasing the time of
symptomatic detection and isolation increases both the number of symptomatic individuals that have to
be detected and the amount of tracing performed. We also note that even though the quarantine of whole
households seems to be the best option, isolating and quarantining individuals outside of their households
is also a viable strategy. However, as we show next, even though this measure has a lower burden on the
families and their individuals economy, it will increase the costs for the overall society.

In Figure [8] we show the maximum number of individuals whose contacts are traced in a single day.
Furthermore, note that identifying those individuals as symptomatic also requires testing. Hence, this
measure will be proportional to the amount of tests that have to be performed daily (the total number
will depend on the positive test rate). Note that even though isolating and quarantining individuals in
special locations has a similar effect as doing so in their households from the ICU usage point of view, the
number of tracers needed in the former strategy is larger than in the latter. This implies that the amount of
testing will also be higher. Added to the cost of creating and managing such special facilities, these results
indicate that quarantining whole households is the best strategy overall. However, whenever possible, the
possibility of isolating and quarantining single individuals in special locations should be offered to the
families who would suffer the most due to the complete quarantining of their household members.

4 Distribution of infections

In Figure [9] we show how the infections that are produced for each strategy are distributed across layers.
In the unmitigated scenario the disease spreads initially through the community+workplace layer. By the
time the incidence peaks (around 04/12) infections are transmitted roughly equally through each layer.

In the LIFT scenario the fraction of infections that take place in households is larger than in the
unmitigated one during the first closure. Once places in the community+workplace layer are reopened, the
disease starts to spread through that layer again.

Lastly, in the LET strategy, in comparison to the LIFT scenario, we observe a larger fraction of
infections within households in the period between partial and total reopening, which is to be expected
since symptomatic individuals are force to stay at home. This suggests that providing special facilities to
isolate those individuals will be beneficial for their families.



5 Household attack rate

In Figure we explore the secondary attack rate in households. The attack rate in a household, with at
least one infected individual, is defined as the fraction of household members (excluding the first infected
member) that have suffered the disease. While in the unmitigated scenario this attack rate quickly rises
to 80%, in the two other scenarios the situation is slightly different. The initial confinement of individuals
at their household initially increases the attack rate, but since the overall burden of the disease is lower
by the end of the epidemic, the final attack rate is also lower than in the unmitigated scenario. This also
explains why the household attack rate in the LET scenario is small (compared to the other two situations)
even though people are forced to stay at home.

6 Sensitivity analysis

6.1 Model parameters

We conducted a sensitive analysis to study the effects of different percentages of asymptomatic cases, higher
transmissibility and higher pre-symptomatic transmission. We consider a scenario where all parameters
are kept the same as the unmitigated scenario discussed in the main manuscript with the exception that
we consider 50% of cases are asymptomatic (henceforth, set A). We also considered the effect of increasing
the pre-symptomatic transmission of the virus, setting k& = 0.50 (henceforth, set B) in line with recent
observations [16]. Lastly, we test a scenario of higher transmission, where Ry = 3.0 and the time to
hospitalization is increased 6! to 4 days (henceforth, set C).

Figure shows the results for the sensitivity analysis when we consider the unmitigated scenario
(a-c) and the LIFT scenario (d-e) for the first two sets of parameters. As we can see, changing these
distributions does not affect the total number of infections. Instead, the main change is related to the
velocity of propagation. Increasing the pre-symptomatic transmission slightly accelerates the disease, even
though the final outcome is fairly similar.

Figure[12]shows the results for the LET scenario where we consider 50% detection of symptomatic cases
and different levels of contact tracing: no tracing, 20%, and 40%. The increase of asymptomatic individuals
(set A) reduces the effect of contact tracing. Increasing the amount of pre-symptomatic transmission also
increases the incidence, something that is expected since individuals will be able to spread more the disease
before showing symptoms and being isolated. In any case, in figure we can see that the LET strategy
is still feasible with these parameters, signaling that it is quite robust.

We report a similar analysis in figures and (16| for the set of parameters with larger Ry (set C).
As expected, this change yields a higher number of infections. Nonetheless, the overall behavior holds and,
even though tracing might need to be slightly increased, the LET strategy is still feasible.

Summarizing, the sensitivity analysis shows that the modeling results presented in the main text are
robust to plausible ranges of parameter values for the key time-to-event intervals of COVID-19.

6.2 Symptomatic detection rate

In the main text we mainly explored the situation in which 50% of all symptomatic individuals can be
detected and their contacts traced, on average, in two days. In Figures and we show the evolution
of the system with a detection rate of 30% and 70%, respectively. Once again, our results and conclusions
hold.
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6.3 Contact tracing delay

In the main text we considered that symptomatic individuals could be identified, on average, on two days
after the onset of symptoms. However, it was assumed that the contacts of the symptomatic individual
could be traced and isolated within that same period of time. In this subsection we explore the effect of
needing 1 or 2 days to perform the tracing and isolation of the contacts (figures |19 and [20| respectively).
The effect on this delay is fairly small, which is to be expected due to the long incubation period of this
disease.

6.4 Effect of different attack rates

In Figure [21] we explore the effect of choosing a different initial attack rate for the implementation of the
social distancing policies. We observe that the sooner these policies are implemented (i.e., the disease has
not spread through the population and thus the attack rate is low) the smaller the first peak of the disease
will be. However, once the restrictions are removed, if there is a second wave the peak will be larger.
Conversely, if the policies are implemented once a large fraction of the population has already suffered the
disease, the second wave of the epidemic will be much milder.

7 School reopening

In the main scenarios studied in the paper, once schools are closed they remain so indefinitely. In this
section, we explore the consequences of reopening schools on the 15th of September. In figure [22| we show
the evolution of the epidemic for the LIFT and LET scenarios under such condition. As we can see, since
in the LIFT scenario the peak of the epidemic occurs in July, the effect of reopening schools is negligible.
A similar observation can be made in the LET scenario without tracing. However, for the LET scenarios
with tracing, since the peak of the epidemic has not faded out by that date, reopening schools produces
a small increment on the incidence. Nonetheless, in figure we observe that such increment does not
saturate the health care system. This signals that the increase in the number of infections is due to children
getting infected, since this group is less likely to require hospitalization.

In figure [24] we explore the affordability of the LET scenario when schools are reopened. In the cases of
no tracing and 20% tracing, since the peak of quarantined households is set before September, the reopening
does not produce a large increase on the households that have to be set under quarantine. However, in
the 40% tracing scenario since the peak is close to the date when schools would reopen, the population
under quarantine could pass the 10%. It is important to stress that the role of children in the transmission
of SARS-Cov-2 is not yet clear. Several papers indicates a differential susceptibility to the infection as
well as a smaller probability of developing symptoms. In principle this might lead smaller role of school
reopenings that should be assessed in the presence of firm data on differential forward transmission across
different age brackets.

Lastly, in figure [25| we show the household attack rate and the fraction of infections that would take
place in each layer. We observe that the household attack rate would remain stable and that the number
of infections that would take place in schools will increase above 0.

8 Soft distancing measures and transmissibility reduction

In this section we explore the effect that soft social distancing measures, such as wearing masks, increasing
the space between individuals in closed places, cleaning more often public spaces, etc. To do so, we reduce
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the overall transmissibility of the disease by a certain coefficient since these measures are usually applied
to all individuals and not only to the ones affected by the disease.

In figure we show the effect that population-wide measures would have in the LIFT scenario if
they are applied on the same date as the total reopening. We observe that even with a 60% reduction the
ICU capacity will be surpassed. As such, these measures, on their own, will not be enough to contain the
epidemic.

In figure we apply this reduction to the LET scenario with 50% symptomatic detection but without
any tracing. We can see that to keep the ICU usage below the threshold a large reduction of at least 60% is
needed. Thus, even though these measures can help, they are not enough if only symptomatic individuals
are isolated. On the other hand, in figure we analyze the situation in which 20% of the contacts are
traced and isolated (note that in the main text the main success scenario requires 40% of contact tracing).
In this case the reduction of transmissibility has a dramatic effect, even with just a 20% reduction. Indeed,
not only in all the cases analyzed the ICU needs are within the availability limit, but also the fraction of
individuals and households that have to be quarantined is much smaller than in the no reduction case. As
such, complementing the test and tracing strategy with soft social distancing measures can clearly benefit
the containment of the epidemic, specially because less test and tracers will be necessary.
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Figure 6: Maximum ICU occupation with different isolation/quarantine strategies. From left to right, each
column shows the results when the symptomatic individuals are detected and isolated after 1, 2 or 3 days.
From top to bottom, each row shows the results for strategies i), ii) and iii). The dashed line indicates
when the ICU occupation excess the current availability.
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Figure 11: Evolution with larger fraction of asymptomatic individuals (set A) and larger pre-symptomatic
transmission (set B) for the unmitigated scenario and LIFT strategy.
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Figure 15: Evolution with larger Ry (set C) for the LET scenario with 50% of symptomatic detection. The

top, mid and bottom rows show the results with 0%, 20% and 40% of tracing, respectively.
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Figure 16: Evolution of the hospitalizations with larger Ry (set C).

20



o
-3
1}

o 184 1000 - 59
g
g 159 2 g g 4 Non-essential closure
g ¢ £ < g 7504 @ o 2 . .
d 124 § o O%J g S . § o -GE) é Partial reopening
§ g g g @ 'é*‘g 3 -g S o 3 Total reopening
e =4 —_— ~ 4
s o & s 8 £ 8 5004 8 g 8 2 g School reopening
2 3 ge 5 "28 3 ¢ = ke
5 g = a 38 g =8 3
g 69 ¢ = 2d o 9
¢ L 8 ® 2504 ¢ &
= [¢] 3 (]
£ 3z £ z
> 3
= o
R o b b B A b O B R T e
N 2 ISk A 08192195 12 12 192192 (R ! N N2 N N (OF (92 105 122 (2 (22 (9%, (20 NO, 3o N O, 1O (92, (0% 12| 2) (92 92 (20
U ol el 3 gl ool ol ol K a ey U S o ol 31 el gl ol 50l ks B2 Mol o el el B el el o Ko Ky Tl
d e f
12 4 1000 — 59
- - - notracing - - - notracing .
° o @ —_ ZO%traci_ng - ZOg/otraci_ng Non-essential closure
] o 42 5 40%tracing £ | | s 40% tracing 2 Partial reopening + Q.
g 99 2 8y ob b 750 4@ . oo o0
T o I o Q & =1 (@~ o Total i
S5 kel g 9 1 g ° 3 il g otal reopening ]
Eo B] o 9 g B k] o © 3 School reopening
s8 s &350 & g ¢ S £ § g P
- pr=i b= - c
8861 8 S @1 ¢ §55004 8 €2 e s
£S @ s | . 3 £8 3 g g 7 o - - - notracing
TS o ul 1 \ g 0 o 9 2 e ’ 8 —  20% tracing
£ i} 8 I P =N © s /) S == |\ s 40% tracing
o 349 ! | 2504 ¢ g ' iy
s} S ) 1 .
f A z ’ oy Ve
o | ) e,
// \\ g ,"'
T ~
USRI S S A Ry, O b B B BT
N 2, v NS, (0L (92 108 (21 2) 129 92, 120 NO 2\ NE A (O 192104 122 12 (72192, (10 NO, 30, N O, 1O (92, (0% 12| 2) (92 92 (20
Mo oM e el el el el Kol Ky T U S o ol 31 el gl 1501 K31 B2 Mol o el el B el el o Ko Ky Tl

Figure 17: Evolution of the system when 30% of the symptomatic individuals are isolated at their homes
and their contacts traced and quarantined in their households, default set of parameters.
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Figure 18: Evolution of the system when 70% of the symptomatic individuals are isolated at their homes
and their contacts traced and quarantined in their households, default set of parameters.
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Figure 19: Evolution of the system when there is a 1 day delay between the isolation of a symptomatic
individuals and the tracing and isolation of its contacts.
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Figure 20: Evolution of the system when there is a 2 days delay between the isolation of a symptomatic
individuals and the tracing and isolation of its contacts.
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Figure 21: Effective reproduction number, daily incidence and household attack rate for different initial
attack rates. The sooner the intervention, the larger the second wave can be.
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Figure 22: Evolution of the LIFT and
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Figure 23: Evolution of hospitalizations in the LIFT and LET scenarios when schools are reopened on the
15th of September.
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Figure 24: Affordability of the quarantine strategy when schools are reopened on the 15th of September.
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Figure 25: Household attack rate (a, b) and fraction of infections that take place in each setting (c, d)

when schools are reopened on the

15th of September.
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Figure 26: Evolution of the system under the LIFT scenario when the transmissibility is reduced by 20,

40 or 60%.

24



a 18 New infections b 1000 Total infections ¢ Effective reproduction number
] g o/ g = Noreduction Qo o o ——  No reduction 4+ [\Non-essential closure
g 1543 S £ == 20%reduction & 2| E|E = 20% reduction . .
g e g g/ = 40%reduction 2 , 7500 g g = 40% reduction Partial reopening
S _g_ 12 % g 9 === 60% reduction :o_’ ‘_3' % g o == 60% reduction 3 Total reopening
= = == c o =} g s :
c8 o]t T S = c ®® = =~ No reduction
2o 9 2 T e 23 500 2 e g 21 = 20%reduction
© O IS s © = 40% reduction
96 4 9} o © O 0] o $ !
£3 611 £3 250l - _— G0%recuction
2 4=z z
g ° 8
ORI R JROgE gP D O AT TR AR PR IR Y W A
NP D2 W QY A R ) '\,\,'\,\, VAP NN S O 7 (U2 S
RN I Ol PRI ‘0\ ‘b\ ‘*’\0"‘”\ g 0"’\ JOMAMARNEMA ISR
d ICU usage e Quarantined households f Quarantined individuals
o 3 — - ~ 12+ 2 125+
27 gE = Mfhuton &g o g Lo
@ %) S5 e 40% reduction ” 2 * g = Noreduction 2 1904 3 S == No reduction
o e 88 —— 60%reduction 2 ol 23 — 20% reduction © s ¥»g —  20% reduction
8 o = 319 — |CU beds 2 </ £ 3 ——  40% reduction 8 = <£/3 == 40% reduction
<] = e [ = 8= = 60%reduction & 7545 8= = 60% reduction
d S R 2 6 S oS N S oS
3 |g §° 2 Vg te E os50lg =
X e s e 5 7 g
© c c Je = 2 c T
E g 318 & £ 2542 &
o - 8 S
) S T A I 3 3 T 5 8 N T I T o
o S & @ @& ¢ o S o 1 @ &L
FOMAMIFA I RN AN A FOMICIAFAIE NN AGIS]

Figure 27: Evolution of the system under the LET scenario when the transmissibility is reduced by 20, 40
or 60%, with 50% symptomatic detection and isolation but without tracing.
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Figure 28: Evolution of the system under the LET scenario when the transmissibility is reduced by 20, 40
or 60%, with 50% symptomatic detection and isolation and tracing of 20% of the contacts.
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