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Overview of the baseline model for SARS-CoV-2 transmission

We developed a transmission dynamics model of SARS-CoV-2 transmission, based on an age-structured
stochastic susceptible-infectious-removed (SIR) scheme. The model includes contacts in multiple settings, such
as home, schools, workplaces and in the community (further distinguished into transportation means, leisure
venues and other generic settings). Contacts are informed by data for Italy made available by the POLYMOD
study, a large-scale European contact survey [1]. The evolution over time of community contacts as a
consequence of individual behavioral change and governmental interventions was assumed to be modulated by
human mobility data made available by Google [2] and projected to the POLYMOD categories of transport,
leisure and other generic settings using data from time use [3].

Workers are disaggregated into 7 employment sectors:

1. Essential Services (agriculture; energy; water and waste management; goods transportation and
storage; information and communication; credit and insurance; professional and technical activities;
public administration; education; caregivers and domestic activities);

Health Care (health care workers and family assistants for elderly);

Manufacturing (manufacturing; metallurgical and mining industry);

Commerce;

Constructions;

Accommodation/Food services

Others (e.g. real-estate agencies; rental and support services; cultural, sport and recreational
enterprises).

In addition, we consider an eighth group of individuals who do not attend a workplace and therefore do not
experience contacts with colleagues or customers; this includes unemployed, not gainfully occupied (including
children), retired individuals, as well as workers in smart working mode or suspended by lockdown restrictions.
Age-specific data on active workers in the different sectors before and after lockdown [4], including information
on smart work prevalence [5], were estimated by the Italian Workers” Compensation Authority (INAIL)
integrated with the results of Italian National Survey on Occupational Safety and Health (INSula) [6, 7].

For the purpose of disease transmission, smart working was considered equivalent to work suspension and
unemployment, as it does not entail social interactions with colleagues or customers.

The model considers three consecutive infectious compartments with different levels of infectiousness [8], in
order to reproduce a gamma-distributed generation time with average 6.6 days [9, 10]. We considered 20 age
groups (19 5-year age groups from 0 to 94 years and one age group for individuals aged 95 years or older).
Children (0-14 years old) were considered less susceptible to infection upon exposure compared to the bulk of
the adult population (aged 15-64 years), while the elderly were considered more susceptible [11]; in a sensitivity
analysis, homogeneous susceptibility to SARS-CoV-2 infection across ages was considered. Workers were
subject to a sector-dependent integrated occupational risk of SARS-CoV-2 exposure, taking into account
heterogeneous exposure risks and interactions required by different jobs. In a sensitivity analysis, we
considered homogeneous occupational risks across employment sectors. We assumed asymptomatic and
symptomatic individuals to be equally infectious, as suggested by an early analysis of virological data from
Lombardy [9] and Veneto [12]. Individuals of different ages were also assumed to be equally infectious; in a
sensitivity analysis, we considered that children may be half as infectious as adults. Finally, we assumed that
recovered individuals are immune to re-infection, considering the short time frame of simulations (February 1
to December 23, 2020) and the relatively low attack rate of SARS-CoV-2 (and therefore of population immunity)
after the first COVID-19 epidemic wave documented in hardly hit countries [13, 14].

No vk wn

Baseline model equations

The population is divided in 160 classes (20 age groups x 8 employment types, including the 7 employment
sectors reported above plus the group of unemployed, not gainfully occupied, retired, smart-workers and
suspended workers). Infectious contacts within and between classes may occur in 6 different settings (home H,
schools S, workplaces W, transportation means T, leisure venues L and other generic places 0), and are
combined in an overall contact matrix according to the following equation:

[Eql] Mga(t) = Hoa + af(O)Sea + af(O)ag(O)Toa + ag(O)ag()loa + al()ag ()0,4 + Eqg

where:
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Mg ;(t) represents the age-group and employment-specific contact matrix, whose entries describe the
mean numbers of persons in age group d@ encountered by an individual of age group a and
employment group e per day;

a§(t) represents the fraction of individuals in age group a who experience contacts in setting C €
{S,T, L, 03}; this value changes over time depending on individual behavior changes and governmental
decisions on restrictions applied to the community (e.g. national lockdown) and closure/reopening of
schools (see below);

Hy 5,846 Taa Lag Oq g are the mean number of individuals of age d@ contacted per day by an
individual of age a in the settings described above. These matrices are computed from individual
contact diaries collected during the POLYMOD study [1] (see next section); school closures were
modeled by simply removing school contacts for individuals attending the closed educational level;

Eg ; is defined as

0 if e = unemployed,not gainfully occupied, retired, smart
£ working, suspended
[Eq2] Eaa= k af p.Wyz if e = commerce or accommodation/food services

kpeWg 4 otherwise

where:

o W,; represents the average contacts per day at work that an individual of age a has with
individuals of age @ as computed from individual POLYMOD diaries of working participants [1];

o p. isdefined only for employed individuals and represents the integrated occupational risk
estimated by INAIL in each professional sector e;

o of reflects the impact of movement restrictions on the number of contacts with customers in
workers from commerce and accommodation/food services sectors.

o kisan adjusting factor used to guarantee the conservation of the overall number of contacts
occurring at work as observed in the POLYMOD study [1], i.e. before the epidemics; in
particular:

[Eq3] k= Za Zd T Wa,d
Za Zd Tl Zs fs,a Pe Wa,ﬁ

where:
= 1, isthe employment rate of age-group a (i.e. the proportion of employed
individuals within age group a);
&e,q is the proportion of workers that are employed in professional sector £ among
those of age a.
In this way, when the risk is assumed homogeneous across work sectors, i.e. p, = 1, we obtain
k = 1; assuming pre-epidemics conditions (a2=1 in absence of restrictions), the matrix Ega
corresponds exactly to the POLYMOD contact matrix, as it should.

The force of infection for subjects of age a and employment type e is then modeled as follows:

where:

e Xilas(t) + xjJae(t) + xxKae(t)
N3

[EG4] Age() = B(L = (01 ) Mea(®)

B is a scaling factor shaping the transmissibility during the period before detection of the first local
cases in ltaly, on February 21;

@(t) is a coefficient representing the reduction in transmissibility due to the effect of infection
precautions taken spontaneously by the population, as well as due to public health regulations such as
mandatory sanitation and mask use in public transport, supermarkets, bars and restaurants; it affects
all kinds of contacts, including household contacts. We model this parameter with a piecewise constant
function, as follows:
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0 from the start of simulations to Feb 21
@(t) = {¢, from Feb 21 to the end of lockdown (depends on scenario)
@, from the end of lockdown to the end of simulations
@, and @, were free parameters estimated during calibration;

e 1, isthe relative susceptibility to SARS-CoV-2 infection at age a, representing the relative probability of
becoming infected given exposure; we used for the values of r,, the posterior distribution of values
estimated in [11], with average 0.33 (95%Cl 0.24-0.47) when a < 15; and 1.47 (95%Cl 1.16-2.06) when
a = 65 [11]; r, was set at 1 (reference value) for intermediate ages.

* X1 Xj Xk are the stage-specific relative levels of infectiousness;

e N; represents the total number of individuals in age group .

Transitions across different epidemiological classes can be summarized by the following differential systems:

Sae®) = —Age(t) Sqe(t)
Ioe(®) = Ago(®)Sae® — VIge(t)
[BaS] 4 Joo(® =VIael® =)y o)
Kae(® =¥J4o(® = YKqe(®

Rae(t) = YK qe(®)

where:
e Srepresents the number of individuals susceptible to SARS-CoV-2 infection;
e |, J, Krepresent the number of individuals in the three stages of infection; in particular, | represents the

initial stage of infection, while J and K reflects the peak and the declining phase of infectiousness;

e Rrepresents the number of individuals who recover from the infection; we assumed that recovering
from infection provides full immunity against re-infection for at least the duration of our simulations
(less than one year);

e yisthe recovery rate associated with each stage of infection.

Simulation results discussed in the main text and in the following sections were obtained by using a stochastic
version of the model described above.

Computation of contact matrices from individual contact diaries

We computed contact matrices from publicly available data on 831 individual diaries collected in Italy during the
POLYMOD survey [15]. Each diary reports information on all the social contacts experienced by a given
participant on a single day of the survey (average number of independent contacts per participants: 19.77 [1]).
Recorded information include the age and employment status of the participant, the ages of the contacted
persons, the duration, frequency and proximity (either physical or non-physical) of each social interaction, and
the location where this interaction occurred (choosing between home, work, school, transportation means,
leisure venues and a residual generic category indicated with “other”). Contact matrices were obtained by
weighing both weekday and weekend data from the POLYMOD survey. We grouped the ages of participants and
contacts in 14 5-year age classes plus an additional class including all individuals aged 70 years or older.

For a given participant of age class a, his reported contacts cgﬁ were aggregated by the age class @ of the
contacted person and by the location € € {H,S,T, L, 0, W} where the contact took place, regardless of their
frequency, duration and proximity. If the exact age of the contact was unknown by the participant, this was
provided as a range; in these cases, we used the midpoint of the range to assign an age class to the contacted
person as done in the original POLYMOD study [1].

To take into account sample variability, we computed 300 bootstrapped contact matrices. At each bootstrap
iteration, we sampled with replacement 831 diaries, choosing the age of the participant with probability
proportional to the age distribution of the Italian population [16]. Then, we computed the average number of
contacts that a single individual of age group a experiences with individuals of age @ in a given setting C €
{H,S,T, L, 0} from the following equation:
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[Eq6] Cag ==

where P, is the number of sampled participants of age group a. For workplaces (i.e. C=W), the average number
of contacts W, 5 was computed as:

Zza Cgl,/d .
[Eq7) Woa=1{ 7, Y% >0
0 otherwise

where Z,, is the number of sampled participants of age group a who reported “working” as employment status.
For the purpose of the model, contacts reported with individuals aged 70 years or more were then re-
distributed over 6 further age groups (70-74, 75-79, 80-84, 85-89, 90-94, 95+), proportionally to the population
of each age group [16]. We assumed that participants within each of these subgroups had the same average
number of contacts in a given setting with individuals of other ages as the overall group of participants aged 70
and older.

Computation of the proportion of social contacts over time, a§(t)

To estimate the proportion of social contacts occurring in the community over time, we combined mobility data
for Italy made available by Google expressly for the COVID-19 emergency [2] with Italian time use data [3]
estimated before the pandemic. Google data represent the daily time spent by individuals in different types of
places as a differential proportion with respect to a pre-pandemic baseline average [2]. Time use data provide
the average time spent during a day in different locations or activities [3].

We associated each category of time use () to a type of community contact considered in the POLYMOD study
(Ce{Transport, Leisure, Other}, and to a type of place considered by mobility data (v), according to Table S1.
We then computed the relative contribution of each time use category (n,) to the time spent for a given type of
community contact as considered in the POLYMOD study. Eventually, we computed a§ (t) as the sum of the
Google mobility data g, associated to the corresponding time use category 1, g, [t], weighted by 7., obtaining
al(t) = YrecNegv[T]. As a result, al (t) was set equal to Google mobility data for transit stations, a2 (t) was
set equal to Google mobility data for retail and recreation, and ak(t) was given by the weighted sum of Google
mobility data for parks (with weight 54.0%) and retail and recreation (with weight 46.0%) (see Table S1). In
absence of age-specific data, we assumed the same values of a§(t) for all ages. The resulting values over time
are reported in Figure 1D in the main text.

Table S1. Correspondence between categories in social contact, time use and human mobility data.

Type of community  Time use category [3] Average daily Relative weight  Type of place in

contact in POLYMOD (7) time spent in in community Google mobility data
(€) [15] activity [3] contact (1) [2] (v)

Transport Urban public transport 6 0.6667 Transit stations
Transport Long-haul transport 3 0.3333 Transit stations
Transport Total 9’ 1.000

Leisure Restaurants/bars 20 0.2222 Retail and recreation
Leisure Sports 9’ 0.0952 Retail and recreation
Leisure Cultural 3 0.0317 Retail and recreation
Leisure Recreational 3 0.0317 Retail and recreation
Leisure Other leisure 2 0.0159 Retail and recreation
Leisure Religious 6 0.0635 Retail and recreation
Leisure Outdoors 49’ 0.5397 Parks

Leisure Total 91’ 1.000

Other Commerce 23’ 0.8000 Retail and recreation
Other Services 6’ 0.2000 Retail and recreation
Other Total 29’ 1.000
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Sector-dependent integrated occupational risk of exposure to SARS-CoV-2
For each economic sector, a risk assessment was carried out regardless of the prevention and protection
measures put in place. These measures, including PPE, are part of the risk mitigation actions. The integrated

occupational risk index (pg) considers the likelihood to be in contact with potential sources of infection during
the work activity, the intrinsic features of work activity which cannot guarantee an adequate social distancing
and the condition linked to work activities that may determine contacts with people other than workmates.

A method to estimate the risk of exposure to SARS-CoV-2 in the workplace has been developed taking into
account the specific characteristics of production processes and the work organization contributions to the risk
and heterogeneous exposure to close contacts with external subjects (public, clients, etc.) required by different
jobs.

This methodology is based on the general approach to risk analysis in the field of occupational safety and health
(OSH) [17]. In this case, such approach is not strictly intended to mitigate harm for single work activity; instead,
it is aimed at identifying the general integrated occupational risk levels for the working population by sector, in
line with the strategy of the decision makers for the lifting of the containment measures.

In this framework, the occupational risk of exposure to SARS-CoV-2 might be classified based on three variables:

- Exposure: the likelihood to be in touch with a potential source of infection during the work activity. To
quantify this parameter, we used the perception of exposure indicator as defined by the O’Net survey
[18] adapted to Italian context by comparison with the indicator of biological risk for viruses or bacteria
exposure already defined in the framework of the Italian Survey of Occupational Safety and Health at
Work (INSula) based on a representative sample of national working population [6, 7], according to the
scale: from 1 = “low probability” to 5 = “high probability”.

- Proximity: the intrinsic features of work activity which do not guarantee an adequate social distancing.
To quantify this parameter, we used the perception indicator of physical proximity to other people
during the work activities as defined by the O’Net survey based on Standard Occupational Classification
(SOC) adapted to the Italian system and graded according to the scale: from 1 = “work carried out
alone almost throughout the working time” to “5 = work carried out in close proximity with others for
most of the working time” [18].

- Aggregation: the kind of work activity that may determine contacts with other people other than with
company’s workers (restaurants, retail, entertainment, hospitality, education, etc.) defined as a factor
in the following classes: 1.00 = “limited presence of a third party” (e.g. manufacturing sector, industry,
offices that are not opened to the public); 1.15 = “intrinsic presence of third parties controlled through
the organization” (e.g. retail, personal services, offices that are opened to the public, cafes,
restaurants); 1.30 = “aggregations controllable with procedures” (e.g., health care, schools, prisons,
army, public transports); 1.50 = “large aggregations not easily controlled by specific procedures” (e.g.
shows, sport events) [6].

Both exposure and proximity average values have been calculated for each employment sector according to the
Italian Classification of Economic Activities (ATECO), the equivalent of European Classification of Economic
Activities (NACE) [19]. Both exposure and proximity average values were normalized using the minimum and
maximum value equation:

X; — Xy
[Eq8] y; = ———

Xmax — Xmin

where y; is the standardized score, x; is the original rating score, x,,,;, is the lowest possible score on the rating
scale used, and x,,,4, is the highest possible score on the rating scale.

The aggregation factor has been defined for each employment sector. The final product defines the risk levels
(RL) in the following four classes: Low RL < 2; Medium-Low 2 < RL < 4; Medium-High 4 < RL < 8; High RL > 8.
Furthermore, updated data on the workforce [4] were associated with each activity sector to obtain a burden of
risk levels related to the number of potential exposed workers. We used commuting variables taken from the
Italian National Survey on Occupational Safety and Health (INSula) [6, 7] (percentages of use of public
transportation and average times of commuting) stratified by gender, age and geographical area to evaluate the
impact on mobility due to the re-opening of most activities and to the workers commuting. The final integrated
risk index is the product of the normalized exposure score, the normalized proximity score, and the aggregation
factor (Table S2).
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Such integrated risk classification appears coherent with the compensation claims application data available at
National level for each employment sector [20].

Risk factors for the 7 professional sectors considered in the model were obtained by aggregating risks estimated
for 20 professional subcategories (shown in Table S2). The values of p, were obtained by computing the
average from represented subcategories in each employment sector e, weighted by the number of active
workers of each subcategory (shown in Table S3).



1 Table S2. Integrated occupational risk levels, standard deviations and risk classes by NACE employment sectors

. Risk .
Description of employment sectors level SD Risk class
A Agriculture, Forestry And Fishing 1.00 1.19 Low
B Mining And Quarrying 0.70 0.67 Low
C Manufacturing 0.58 0.68 Low
D Electricity, Gas, Steam And Air Conditioning Supply 0.57 054 Low
E Water Supply; Sewerage, Waste Management And Remediation Activities 1.99 1.66 Low
F Construction 131 124 Llow
G Wholesale And Retail Trade; Repair Of Motor Vehicles And Motorcycles 1.60 1.89 Low
H Transportation And Storage 1.54 1.69 Low
| Accommodation And Food Services Activities 199 124 Llow
J Information And Communication 0.55 059 Low
K Financial And Insurance Activities 0.33 034 Llow
L Real Estate Activities 0.36 0.18 Low
M Professional, Scientific And Technical Activities 0.91 136 Low
N Administrative And Support Services Activities 1.49 113 Low
0] Public Administration And Defence; Compulsory Social Security 4.82 293 Medium-High
P Education 267 175 Medium-Low
Q  Human Health And Social Work Activities 12.19 3.58 High
R Arts, Entertainment And Recreation 2.08 1.61 Medium-Low
S Other Services Activities 3.68 2.70 Medium-Low

Activities of Households as Employers; Undifferentiated Goods and Services
T Producing Activities of Households for Own Use 5.14 213  Medium-High

W
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Table S3. Number of active workers before and after the lockdown and employment sectors for aggregation.

ACTIVE WORKERS EMPLOYMENT

NACE EMPLOYMENT SECTORS BEFORE AFTER SECTOR IN THE
LOCKDOWN LOCKDOWN MODEL

Agriculture, Forestry And Fishing 908,780 854,060 Essential services
Mining And Quarrying 24,740 9,730 Manufacturing
Manufacturing 4,321,420 1,444,130 Manufacturing
Electricity, Gas, Steam And Air Conditioning Supply 114,150 114,150 Essential services
Wa.te.r'SuppIy; Sewerage, Waste Management And Remediation 242,780 242,780 Escential services
Activities
Constructions 1,339,370 523,690 Constructions

Wholesale And Retail Trade; Repair Of Motor Vehicles And

3,286,500 1,804,120 Commerce
Motorcycles

Transportation And Storage 1,142,740 1,142,740 Essential services
Accommodation And Food Services Activities 1,480,190 317,590 Catering and lodging
Information And Communication 618,120 618,120 Essential services
Financial And Insurance Activities 635,590 635,590 Essential services
Real Estate Activities 164,030 0 Other

Professional, Scientific And Technical Activities 1,516,450 1,438,350 Essential services
Administrative And Support Services Activities 1,027,920 662,850 Other

Public Administration And Defence; Compulsory Social Security 1,242,610 1,242,610 Essential services

Education 1,589,450 1,589,450 Essential services
Human Health And Social Work Activities 1,922,250 1,922,250 Health care

Arts, Entertainment And Recreation 318,180 0 Other

Other Services Activities 711,620 280,760 Other

Activities of Households as Employers; Undifferentiated Goods

and Services Producing Activities of Households for Own Use 738,910 733,340 Health care

Model initialization

The model population was initialized using age structure data by the Italian National Institute of Statistics [16]
and distributed across employment sectors using age-specific data from before lockdown [4]; the remaining
population in each age class was assigned to the class of inactive people (unemployed, not gainfully occupied -
including children, retired individuals). The population was assumed to be fully susceptible, except for a number
N; of initially infectious individuals on February 1, 2020, who are uniformly distributed across the three stages of
infection 1, J, K. We neglect population immunity due to transmissions occurring before February 1. N; was a
free parameter estimated during the calibration procedure.

Model output

The main output of the model is the age-specific number of new infections per day, i,(t). From these, we
compute the age-specific number of symptomatic infections s, (t) by applying an age-specific probability of
respiratory symptoms g, estimated from contact tracing data in Lombardy ([21], reported in Table S4). The total
daily number of cases admitted to the hospital, H(t), is computed as a fixed proportion h of the total number of
symptomatic cases, delayed by the average time between symptom onset and hospital admission, Ty, so that:

H(O) = hsa(t =) = b ) 0uia(t = 1)

a
The total daily number of critical patients admitted to an ICU, Q(t), is computed as a fraction g of the total
hospitalized cases, delayed by the average time 7, between hospital admission and ICU admission

Q) = q H(t — 7).
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The total occupancy of hospital beds, By (t), and of ICU beds, B, (t), were estimated by a stochastic
implementation of the following differential equation models:

1
By'(t) =H() — EBH(t)

1
By'() =Q(®) - %Bq(t)

Where dy and d, are the average lengths of stay in hospital and ICU respectively. Parameters q, Ty, 7o, dy and
d, were estimated from the analysis of hospital data from over 45,000 COVID-19 patients in Lombardy [22] and
are reported in Table S5, while h was a free parameter estimated during model calibration (see below).

Table S4. Probability of respiratory symptoms or fever >37.5°C by age [21].

Age group (years)  Probability (%)

0-19 18.1
20-39 22.4
40-59 30.5
60-79 35.5
80+ 64.6
Overall 31.0

Table S5. Parameters used to estimate quantities related to the health burden of COVID-19 from age-specific
infections computed by the dynamic model [22].

Parameter Symbol Value Unit
Proportion of hospitalized patients who require intensive care q 11.7 %

Average delay between symptom onset and hospitalization Ty 7 Days
Average delay between hospitalization and ICU admission T 5 Days
Average length of stay in hospital dy 16.4  Days
Average length of stay in ICU dg 14.6  Days

Estimate of the stage-specific relative infectiousness ¥, X @ nd xx

We estimated the stage-specific relative infectiousness x;, x; and xy in such a way that the resulting
distribution of the generation time reproduces the observed distribution of the serial interval, i.e. a gamma
distribution with shape 1.87 and rate 0.28 [9]. To this aim, we built a continuous-time Markov chain process
based on four states (the three stages of infectiousness |, J, K and a state representing recovered individuals R)
where the transition between stages is assumed to be exponentially distributed with mean y. Given a basic
reproduction number R, the time at infection for each secondary case generated in a fully susceptible
population by a single index case during each stage is assumed to be exponentially distributed with mean

Rov X1 RoYX) RoV Xk, respectively. We simulated the time at infection of secondary cases generated by 10,000
distinct index cases in a fully susceptible population with different sets of values for y;, x;, xx and y and
evaluated the obtained distribution of the generation times. The final set of parameter values was selected by
minimizing the root-mean-square-error (RMSE) between the modeled distribution of the generation times and
the observed distribution of the serial interval, obtaining y; = 0.042, y; = 2.700 and yx = 0.258 withay =
0.303. This result is consistent with the expectation of a low infectivity in the first days post-exposure (stage I),
that the peak of infectiousness occurs in stage J and that infectiousness fades with the declining viral load [23].
A comparison between the resulting distributions of the modeled generation time and the observed SARS-CoV-
2 serial interval is shown in Figure S1.

10
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Figure S1. Comparison of the observed distribution of the SARS-CoV-2 serial interval [9] (blue) and the model-
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simulated distribution of the generation time (red) with y=0.303 days-1, x; = 0.042, x; = 2.700, yx = 0.258.

Tg: generation time

Estimate of the scaling factor for transmissibility, 5

We analytically computed a distribution for the transmissibility scaling factor, §, such that in absence of
interventions the ensuing distribution of the model’s basic reproduction number Rq reproduces a desired
distribution. The model’s basic reproduction number Ro can be computed as the dominant eigenvalue of the
Next Generation Matrix (NGM) [24] associated with the dynamical system considered. More specifically, in
absence of interventions, a3 (t = 0) = al(t = 0) = ak(t = 0) = a2(t = 0) = 1 and the overall contact

matrix at t=0 is:

Mg,d(t = O) = Ha,d + Sa,d + Ta,& + La,d + Oa,& + Eg,d

Thus, the resulting next-generation matrix is given by a block matrix defined as follows:

1
Ra,d

NGM =

where each block is defined as

Ria = ﬁ#TaMg

1
Ra,ﬁ

Rea Rea Rea Raz Rag Raa
Ria Rea Raia Raa Raa Raa
Rz Rag Raa Raa Raa Raa
Rza Rga Rea Raa Rag Raa
Ria Ria Raa Raa Raa Raa
Ria Rea Rea Raz Raa Raa
Ria Rea Reia Raa Raa Ria

8 8 8 8 8 8
Ra,ﬁ Ra,ﬁ Ra,ﬁ Ra,ﬁ Ra,d Ra,&

Ng
¥ NE

Xit X5+ Xk

with NZ representing the number of individuals of age a in the employment group e.
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The resulting reproduction number is provided by Ry = s(NGM), where s(NGM) is the spectral radius of NGM
(i.e., the largest absolute value of its eigenvalues). Thus, the distribution of  can be computed analytically from
the desired distribution of Ro, given the distribution of the age-specific susceptibility profile, r, and on the
distribution of the bootstrapped contact matrix.

We compute individual samples of the distribution of B by iteratively choosing one sample from the distribution
of the desired Ry, one sample from the known distribution of the age-specific susceptibility [11], and one sample
from the bootstrapped contact matrices. At the end of this procedure, we obtain a joint distribution of

{B, 74, Cyq}. We considered estimates of Ry computed from the curve of symptomatic cases by date of symptom
onset using the method reported in [9, 10, 25] (mean estimate 2.99, 95%Cl 2.88-3.11), which resulted in a mean
value of § equal to 0.0148 (95%CI 0.0126-0.0167). The distribution of f was re-estimated with the same
approach for alternative models in the sensitivity analysis and for regions in the subnational analysis (see
below).

Model calibration

We calibrated model parameters against the observed daily curve of hospitalized cases up to September 30,
obtained from surveillance data, using a Markov Chain Monte Carlo (MCMC) approach with Poisson likelihood
with reversible normal jumps and a Metropolis-Hastings acceptance algorithm. Free model parameters were:

e the number of infectious individuals at February 1, N;;

e the reduction in the per-contact transmission rate between the first detection of local transmission in
Italy (February 21) and the first reopening after the lockdown phase (May 4 in the actual scenario, used
for calibration) ¢,;

e the reduction in the per-contact transmission rate between the first reopening after the lockdown
phase (May 4) and the end of simulations, ¢,;

e the average proportion of hospital admissions for cases with respiratory symptoms, h.

Uninformative (uniform) priors were assumed for N;, ¢, and ¢@,, but we restricted N; to be strictly positive and
¢, and ¢, to be bounded between 0 and 1. For h, we assumed a uniform prior distribution limited by two
boundary values identified from estimates of the average proportion of infections which result in respiratory
symptoms, @, the mortality rate observed for hospitalized individuals, py, and the SARS-CoV-2 infection fatality
rate IFR. In particular, the following relation holds:

IFR =G h uy,
from which follows

IFR

0 Uy
Considering & = 31.0% [21] (Table S4), py=27.6% (95%Cl: 27.4-27.8%) [22], and that the large majority of IFR
estimates have been reported to be between 0.5 and 2%, [26], we obtain that h must be bounded between 5%
and 25%.

At each step of the MCMC, a new sample from the joint distribution of {8, 7,, C, 5} is considered, together with
a new proposal for the free model parameters. The posterior joint distribution of {,1,, C, 5} resulted to be
identical to the prior, indicating that the MCMC does not apply any selection on these parameters. Table S6
reports a summary of the estimated posterior distributions of free parameters. Epidemiological results were
obtained by running one stochastic simulation for 10,000 of the last 30,000 parameter sets accepted in the
MCMC (including the corresponding samples from {,7,, C, 5}).

Table S6. Posterior values for the estimated parameters

Parameter Mean 95%Cl
N;, number of infectious individuals at Feb 1 1985 688-3806
@4, reduction in transmission efficiency Feb 21 - May 3 0.30 0.14-0.43
@, reduction in transmission efficiency May 4 - Jul 10 0.44 0.36-0.52
h, average proportion of hospital admissions for cases with respiratory symptoms 0.135  0.055-0.239
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Additional results on the baseline model

The model estimated an overall attack rate of 4.8% (95%Cl: 2.0-10.5%) in the Italian population on September
30 (Figure S2), corresponding to approximately 2.9 million infections (95%Cl: 1.2-6.3 million). The age-profile of
the attack rate reproduces qualitatively well the findings of a large-scale seroprevalence study in Spain,
identifying lowest attack rates in the under 19 population, followed by the population above 65, and roughly
constant values for adults of intermediate age. Table S7 reports estimates of the case ascertainment ratios,
disaggregated by period (until June 30 and between July 1 and September 30) and by symptomatic status,
computed as the ratio of the number of ascertained cases and the corresponding model estimated infections.

Table S7. Number of ascertained cases, model-estimated infections and estimated case ascertainment ratios
before and after June 30, 2020

Until June 30, 2020 July 1 - September 30, 2020
Value or 95%Cl Value or mean 95%Cl
mean
Cases ascertained (data from the national surveillance system)
Total 241,542 - 76,970 -
Symptomatic 155,537 - 30,364 -
Asymptomatic 86,005 - 46,606 -
Estimated infections
Total 2,571,336 1,080,444-5,613,480 313,872 132,792-730,356
Symptomatic 797,114 334,938-1,740,179 97,300 41,166-226,410
Asymptomatic = 1,774,222 745,506-3,873,301 216,572 91,626-503,946
Estimated case ascertainment ratio
Total 9.4% 4.3-22.4% 24.5% 10.5-58.0%
Symptomatic 19.5% 8.94-46.4% 31.2% 13.4-73.8%
Asymptomatic 4.8% 2.2-11.5% 21.5% 9.2-50.9%
14 9 model ltaly
13 1 = datafrom Spain
;\7; 12 1
E 11 1
3 10 1
o 9 1
S 81
@ u
5 4] |
[0}
§ 57 4 f
% 4 A + + {
£ 3
< 2 4
1 4
°C & ) o o &> x
o & & & & <

Age group (years)
Figure S2. Model-estimated attack rate as of September 30, in the overall population and by age classes, and comparison
with corresponding age-specific data from a large scale seroprevalence study in Spain [13].

Figure S3 reports the daily COVID-19 hospitalizations estimated by the model in all considered scenarios (see
Figure 2E and Table 1 in the main text for a description of scenarios).
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Figure S3. Daily number of hospitalized patients with COVID-19 in the counterfactual scenarios

Sensitivity analyses
Despite fast-paced progress in an extremely short time since the start of the epidemics, there are still many
unknowns in the epidemiology of COVID-19. For this reason, we tested the sensitivity of our results by repeating
the same analyses using a number of alternative models encoding different epidemiological assumptions. In
particular, we considering the following alternative variations on the baseline model:
e Sensitivity A considers that individuals have the same susceptibility r, = 1, independently of their age;
e  Sensitivity B considers the possibility that children below 15 years old may be less efficient in
transmitting infection (50% compared to adults); formally, the scaling factor shaping the transmission
rate is considered to be age-dependent, 3, taking values 0.5 8 for a < 15 and f for all other ages;
e Sensitivity C considers the same integrated occupational risk of infection across all employment
sectors, setting p, = 1 for all ein Eq. 3;
e Sensitivity D considers integrated occupational risks p, equal to the baseline, but with halved risks for
healthcare workers and a doubled risk for employees of the manufacturing and construction sectors.
In all models, we re-computed the distribution of parameter 3 (Table S8) and then recalibrated the free model
parameters using the same methods described above for the baseline model. Figure S4 compares the posterior
distribution of parameters in the different models, showing largely consistent estimates with respect to the
baseline. Only for model A we estimate a slightly lower reduction in transmissibility after May 4. Figure S5 shows
that all models were able to correctly fit hospital admission data and Figure S6 compares the cumulative
number of hospitalizations under actual interventions across all models. Tables S9-S12 provide results obtained
with models A-D, corresponding to those of the baseline model reported in Table 1 in the main text. Figure S7
shows the age profile of attack rates at September 30 in the actual interventions (scenario 1), estimated by the
different models considered in the sensitivity analysis. Only model A (homogeneous susceptibility across ages)
estimates a qualitatively different profile from all other models (including the baseline), suggesting an attack
rate in age-class 0-19 as high as that of individuals 35-64, and a very low attack rate in the elderly.

Dav of the vear 2020

Model parameters, daily incidence of hospitalized cases and attack rates by age as estimated by sensitivity models
A-D considering governmental interventions (scenario 1) are consistent with those estimated by the baseline
model. The only exception is represented by the higher attack rate in age class 0-19 years estimated by model A
(average 5.7%, compared to the approximately 3.5% estimated in all other models), determined by the
assumption of equal susceptibility to infection by age.
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Table S8. Summary of the computed distributions of f (mean and 95%Cl) for the different sensitivity analyses.

Sensitivity B
A 0.0137 (0.0124-0.0148)
B 0.0150 (0.0134-0.0165)
C 0.0148 (0.0133-0.0162)
D 0.0148 (0.0133-0.0162)

Table S9. Characteristics of considered scenarios

and simulation results under Sensitivity A.

w®
3 5
2 w S 9 = =
Joi N
O c * = © %) o >
<5 2 k5 S = 8 3 g
58 = g 3 2 S S8 S8
° P 2 8 g S 2 23 S5
c > — s [0 = = o o o
2 c B o [%) ko] © © ® € T e
© [ Qo Ke) a = = E=] Qo
c QLo = o b3 Q o =
g g £ 5§ E2 £ g5 S 8
A & a 5 3 O o 8 S & o &
May
Observed 4 May 18 - No 95,076 i 3397 280
1 May
ay - , , ,
(actual . May 18 No 96,032 11,080 2,615 241
interventions) (69,686-129,441] (8,017-14,924] (572-7,859] (54-694]
5 Vo 4 o 111,066 12,661 6,331 600
v (79,084-157,119] [9,037-17,728] (1,339-18,282] (133-1,672]
118,380 13,423 8,491 806
3 : May 4 K No (83,127-172,423] 9,495-19,196] (1,747-23,991] (175-22,14]
133,360 15,004 12,310 1,171
4 : May 4 kP No [90,167-202,617] [10,259-22,295] [2,768-33,996] (274-3,147]
167,554 18,737 20,401 1,979
3 : May 4 KPS No (104492278,066]  [11,987-30,000] (4,824-55,176] (481-5,243)]
229,666 25,649 32,953 3,298
6 - May 4 KPSH N g : ' '
=y ©  [129,185-406347]  [14,686-44,383] (8,424-84,529] (864-8,249]
625,071 70,024 91,902 9,866
! : May 4 KPSH — Yes  1309,371-1,127,296]  [34,784-125297]  [23,343-218,535]  [2,607-22,963]
. ) roril 27 ) o 133,392 15,039 11,494 1,102
i [90,835-200,602] [10,361-22,236] [2,560-31,821] [254-2,985]
. 147,015 16,544 15,525 1,486
g i April 27 K No (97,785-230,000] [11,183-25,395] (3,435-40,502] [339-3,851]
180,046 20,080 22,389 2,191
0 . April 27 KP N : : ' g
: . ©  [111,136-296,187]  [12,685-32,282] [5,635-58,054] (564-5,510]
, 256,338 28,586 35,563 3,571
1 - April 27 KPS No (144,829451,772]  [16,367-49,727] 9,608-89,853] (1,012-8,843]
375,747 42,160 46,037 4,845
2 . April27  KPSH N - : ' g
. . ©  [205178676,523]  [23,342-75,655]  [13,194-117,043]  [1,432-12,060]
, 799,691 92,512 58,131 6,589
o) - April 27 KPSH — Yes /e 113-1385,228]  [47,111-160,385]  [9,377-171,236]  [1,063-18,347)
172,373 19,300 19,243 1,893
14 - April 20 - No ¢ ! ’ ‘
e (110,193-273,292]  [12,642-30,157] [4,735-50,408] [478-4,817)]
198,659 22,197 25,214 2,496
5 . April 2 K N g g ’ 2
! i ©  [121,957-322,795]  [13,904-35716]  [6,390-63,489)] 639-6,147]
257,801 28,896 33,765 3,447
6 . April 2 Kp N . . ' °
! i ©  [148119-437,192]  [16,984-48,600] [9,216-84,318] [967-8,415]
. 385,575 43,453 43,658 4,597
17 i Al Y KPS No 1217,243-692,885] [24,777-77,690]  [11,670-111,939]  [1,286-11,716]
557,183 63,813 38,212 4,253
8 . April 2 KPSH N . . ' g
! i > °  [302975-972,625]  [35127-111,530]  [7,104-109,088] [813-11,894]
949,047 110,370 23,721 2,709
9 . April 2 KPSH Y 7 J ’ g
! ol 20 > ®  [470,001-1610,584]  [54,922-186,529]  [3,145-92,817] [338-10,611]

*: K: kindergartens; P: primary; S: secondary; H: high schools. Reopening is assumed on the same day the lockdown is lifted

16



1

OO0 Wi

Table S10. Characteristics of considered scenarios and simulation results under Sensitivity B.
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*: K: kindergartens; P: primary; S: secondary; H: high schools. Reopening is assumed on the same day the lockdown is lifted
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Table S11. Characteristics of considered scenarios and simulation results under Sensitivity C.
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! pril 20 > ©  [207,762-899,688]  [23,803-101,458]  [9,350-133,029]  [1,028-14,328]
810,261 94,337 34,947 3,987
9 - April 2 KPSH Y , g ’ .
1 ol 20 5 ©  1408,823-1619,262]  [47,473-187,981] [6,334-14,6934] [717-16,733]

*: K: kindergartens; P: primary; S: secondary; H: high schools. Reopening is assumed on the same day the lockdown is lifted
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Table S12. Characteristics of considered scenarios and simulation results under sensitivity D.
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4 May 18 . No 95,076 - 3,327 280
M:y May 18 . No 97,155 11,186 2,455 231
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*: K: kindergartens; P: primary; S: secondary; H: high schools. Reopening is assumed on the same day the lockdown is lifted
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Figure S7. Attack rate as of September 30, estimated by the different models considered in the sensitivity analysis in the

overall population and by age classes; corresponding age-specific data from a large scale seroprevalence study in Spain are
reported for comparison [13].

Subnational analyses

The model and calibration procedures were applied to three regions representative of Southern (Campania),
Central (Lazio) and Northern Italy (Lombardy), adjusting relevant quantities to the specific geographic context.
In particular, we considered regional estimates for the distribution of the basic reproduction number [25] (Table
S13) and the regional demographic structure (Figure S8) to compute a region-specific distribution for g (Table
S14). Then, the four free model parameters were re-calibrated on the regional curve of daily hospital
admissions with COVID-19. Because of the likely later timing of introduction of SARS-CoV-2 in Lazio and
Campania, we considered February 13 instead of February 1 as the date at which the initial number of
infectious individuals is estimated.
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Table S13. Estimates of regional Ry [25] and corresponding computed distributions for 8 (mean and 95%Cl).

Region Ro p
Campania 2.86 (2.36-3.45) 0.0142 (0.0117-0.0175)
Lazio 2.89 (2.55-3.26) 0.0143 (0.0122-0.0165)
Lombardy 2.93 (2.74-3.14) 0.0145 (0.0129-0.0163)
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Figure S8. Comparison of population age structures across selected regions (data from [16]).

Table S14 and Figure S9 show similar estimates for the estimated posterior distribution of free parameter values
across regions, except for the number of initially infected individuals. Compared to the corresponding estimates
for Italy, the model associates a slightly lower transmissibility reduction after the lifting of lockdown in the three
regions, and a slightly higher mean hospitalization rate of symptomatic individuals in Lombardy, but with

broadly overlapping confidence intervals. Figures S10-12 show the good agreement between the calibrated
model and the observed hospitalization curves.

Table S14. Posterior estimates for region-specific free model parameters.

Campania Lazio Lombardy
Parameter Mean 95%ClI Mean 95%Cl Mean 95%Cl
N;, number of initial infectious 639 87-2092 849 156-2097 1202 467-2504
individuals
@1, reduction in transmission 0.31 0.08-0.54 0.25 0.05-0.46  0.27 0.11-0.41
efficiency Feb 21 - May 3
@,, reduction in transmission 0.39 0.22-053 040 0.30-0.51  0.36 0.20-0.48

efficiency May 4 - Sep 30

h, average proportion of hospital
admissions for cases with
respiratory symptoms

0.128 0.053- 0.129
0.238

0.054- 0.151 0.063-0.241
0.239
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Figure S9. Posterior distributions of parameter values obtained in the subnational analyses compared with corresponding
national estimates
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Figure S12. Model fit for hospital admission data in Lombardy

Computation of the net reproduction number

The distribution of the net reproductive number R(t) shown in Figure 2B in the main text was estimated from
the time series of observed and modeled cases by applying a well-established statistical method [27, 28]. The
method is based on the estimation of the posterior distribution of R for any time point t, by applying the
Metropolis-Hastings MCMC sampling to a likelihood function defined as follows:

T T
[Eq9] £ = ﬂP(C(t); R ()0t s))

where

e P(k; A) is the probability mass function of a Poisson distribution (i.e., the probability of observing k
events if these events occur with rate A).

e R:isthe net reproduction number at time t to be estimated,;

e i(s) is the distribution of the generation time calculated at time s, once again assumed to be
approximated by the distribution of the serial interval, i.e. a gamma with shape 1.87 and rate 0.28
(estimated in [9] and shown in Figure S1);

e ((t), is the daily number of new cases at time t.

To compute R; from observed cases, we used as C(t) the daily number of symptomatic cases by date of
symptom onset as recorded in the national surveillance system; for the estimate of R; from model simulations,
we computed the 10,000 C(t) curves from as many model simulations by applying the age-specific probability of
symptoms (Table S4) to the modeled age-specific daily infections at their entrance in compartment K (assumed
to be the date of symptom onset). The posterior distributions of the estimated Rt from the 10,000 simulations
were then pooled together to obtain the overall distribution of R; from model simulations. For each daily
estimate of Ry, we report in Figure 2B in the main text the mean and confidence interval of the posterior
distributions (note that for the curve of R; from observed data, confidence intervals are very narrow around the
mean estimate).
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