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Supplementary Note 1 Characteristic parameters of the
disease

In this section we provide details on the various parameters that represent the epidemic
spread in both the continuous model and the network model. Moreover, we demonstrate
that the model is robust with respect to the choice of the infectiousness probability as a
function of the time since infection.

Supplementary Note 1.1 Infectiousness parameters in the contin-
uous model

The choice of the infectiousness function and the epidemic parameters that describe the
COVID-19 spreading in the continuous model follow the work of Ferretti et al. [I], with
some modifications that we describe here and summarize in Supplementary Table [2]

The infectiousness w(7) is a function of the days since infection, proposed by Ferretti et
al. [I]. It takes into account four different contributions: asymptomatic, pre-symptomatic
and symptomatic infectiousness, plus environmental transmission representing the indirect
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contagion occurring for instance via contaminated surfaces. The symptomatic infectious-
ness has been obtained by Ferretti et al. by making use of generation time data. The
pre-symptomatic infectiousness is assumed to be equal to the symptomatic one, while the
asymptomatic individuals are considered to have only 10% of the infection potential, ac-
cording to the recent literature [2, [3]. An alternative shape of the curve w(7) is discussed
in [Supplementary Note 1.3] The infectiousness is a probability distribution and as such
it is normalized to one. It appears in the model equation in the main text multiplied
by Ry, that we consider equal to 3 when no measure is implemented. All the analyses are
however performed using reduced values, Ry = 1.2,1.5,2.0, which take into account the
combined effect of all the alternative measures (masks, physical distancing, etc.) in a range
suggested by recent literature |4l 5] 6] [7].

For the cumulative distribution s(7) of onset times (i.e. time between infection and
appearance of symptoms), we adopt the assumptions of Ferretti et al. [I] with two modifi-
cations. This function actually gives the fraction of the infected population that becomes
known as infected by the health authorities, and does not distinguish between symptomatic
individuals and asymptomatics identified by randomized testing. This is the same assump-
tion as in Ferretti et al. [T], and it is motivated by the fact that the tracing and quarantining
policy is activated independently of the source of knowledge of the infected status. The
first modification to the onset time is that we rescale the function s so that its cumulative
probability s(7) reaches p = 0.8 at large times instead of 1. This models our assumption
that even at infinite time only 80% of the infected population is detected, instead of 100%.
This describes a situation in which 60% of infected are symptomatic, and additionally
50% of asymptomatics are identified by randomized testing, or equivalently to a situation
with 80% symptomatics and no randomized testing. The second modification is that we
shift the symptom onset forward in time by 2 days, modelling a delay in the functioning
of the testing and reporting policy. Different assumptions on this delay are discussed in
[Supplementary Note 3.2

Supplementary Note 1.2 Parameter tuning to validate the infec-
tion probabilities

As mentioned in the main text in Section the CNS data set provides us with the
opportunity to explore the dependence of the infectiousness from duration and proximity,
a question to which the literature is not yet able to express a specific answer. We rely
on some simplifying assumptions by supposing that in occasion of a contact between an
infected and a susceptible person the contagion probability depends only on their prox-
imity, on the duration of the contact and on the time since the infectious individual has
been infected. We moreover assume that those probabilities are independent from each
other and require that, if simulated on the CNS data set without any restriction, the re-
sulting reproductive number is equal to Ry = 3, in agreement with recent literature on the
COVID-19. Given a choice of the infectiousness parameters, the corresponding value of



with p = 1.54, 0 = 0.47,
shifted by the delay of
2 days, and scaled in
[0,0.8].

Name Inputs Definition Description
w(T) time 7 (days) | Weibull distribution with | Probability for an in-
shape = 2.826 and scale | fected individual to
= 5.665. transmit the disease at
time 7.
Ry 1.2, 1.5, 2 Reproductive number.
onset_time(7) | time 7 (days) | Lognormal distribution | Probability for an in-

fected individual to be
detected exactly at time
T.

s(7)

time 7 (days)

Cumulative distribution

Probability for an in-

fected individual to be
detected within time 7.
Supplementary Table 2: Characteristic parameters of the disease that are used in the
continuous model.

of onset time(7).

Ry is estimated by computing an empirical value R4*®. This is obtained by numerically
simulating the epidemic spreading, assuming one random individual initially infected, and
counting the number of secondary infections caused by this patient zero [8]. The average
of this value over multiple independent runs is the estimated value R4*.

The infectiousness function is thus defined as:

(1)

where w(7) is the probability for an infected individual to transmit the disease at time
7 after its own infection, Wexposure(€) is the probability to transmit the disease given the
duration e of a contact, and wgis(ss) is the probability as a function of the signal strength
ss of the contact. The constant rp, is a reduction factor that can be tuned to obtain the
desired value of Ry, and pg, is a scaling factor. Using two distinct scaling factors allows us
to decouple the estimate of the parameters to obtain the target value of Ry = 3, and the
computation of the reduction factor needed to obtain a smaller value.

Considering everything fixed except for wexposure(€) and waist(ss) we can play with the
free parameters of these functions so as to explore different scenarios while keeping a balance
between time and space dependencies corresponding to an Ry around 3 (with rg, = 1).

The shape of Wexposure has been inspired by the literature |9, [§, [10]:

Wexposure<€> - (]- - ﬁ(])e/dt7 (2)

where dt is a time step and 3y a free parameter. The value of [y can be set by requiring
that a specific probability ¢ for an infected individual to transmit the disease is reached

wdata(Ta €, Ss) = TRy ' PRy * W(T) . wexposure(e) : wdist(ss)



for a given contact duration e,:

wexposure(ea) = 0. (3)
The parameter 3y can thus be expressed as a function of e, and o as:
Bo (eq,0) =1 — (1 — o)/, (4)

Supplementary Table [3| reports some examples. For instance, to obtain a 90% probability
of infection for contacts of 1 hour, the parameter 3y needs to be set equal to 0.038.

e, [hours] | o Bo

° 1.0 0.9 | 0.038
2.0 0.9 | 0.019
o 4.0 0.9 | 0.010

Supplementary Table 3: Numerical values for [y for three different sets of physical scenarios
(és,0). The value of 3y highlighted in bold is the one chosen for the simulations reported
in all the other sections.

The term wgist(ss) instead depends on the Bluetooth signal strength (RSSI), expressed

in dBm, which is considered as a proxy for the distance between individuals. We thus de-
fine the function @(z) = waist(8s(z)), where x indicates distances in meters. We emphasize
here again that the relationship between RSSI and distance is far from trivial [11], 2], so
in the main text we will rely on signal strength as a proxy for distance.
To our knowledge, the literature on COVID-19 has not yet produced some evidence regard-
ing the probability of contagion as a function of the distance between an infected individual
and a susceptible one. We make the realistic assumption that infectiousness is large when
the individuals are in close proximity and that it decreases with distance. In particular we
hypothesize that it follows a sigmoid function:

s 1
it (2) = ———— (1= ———— ),
Wq t(x) 10g (l—l—eb) ( 1+eb_sx) (5)

where s and b are free parameters. As we have two parameters, we need to specify two
physical conditions to find their values. We then require that the probability for an infected
individual to transmit the disease to a contact within a distance z; (¢ = 1,2) should be w;
(1=1,2):

Iy @aist (2)dx = wy
v - (6)

Iy @aist (z)dz = w, .
Computing explicitly the integrals using Eq. , we obtain

log (1+eb_”1)

= wl
log (1+eb)
log (1+eb7512) o (7)
- log (l—l—eb) = W2

4



which is a transcendental system, that can be numerically solved once we have set the two
couples (z;, w;),_; ,- Some examples are reported in Supplementary Table .

xy[m] | wi | xom] | we | s[m7Y | b

°® 1.7 105| 6.0 |099]| 1.16 3.65
25 |05 70 099 | 1.34 | 6.67
| 40 (05| 10.0 {0.99| 1.16 9.31

Supplementary Table 4: Numerical solutions (s,b) for the system for three different
sets of physical requests (x;, w;);,_, 5. The values of s and b highlighted in bold are the ones
chosen for the simulations reported in all the other sections.

The three curves that we obtain using the values in Supplementary Table [3] and Sup-
plementary Table [4] are shown in Supplementary Fig.

While the reproductive number of COVID-19 is estimated to be around 3 [13], there
is small evidence for the dependence on proximity and duration. Therefore, we combine
the two functions Wexposure(€) and waist () and choose the parameters fy, b and s to obtain
Ry = 3 in each combination. In particular, given a possible choice for (fy, b, s), we run a set
of 800 simulations on the CNS data set without any restrictive policy, i.e. with £; =0 and
one initial infected. We then count the number of secondary infections caused by this first
individual and average this number on all the 800 simulations to obtain an estimate of Ry.
The constraint Ry = 3 requires to find a balance between wexposure and @aisy and combine
the parameters accordingly. If for instance we suppose that infectiousness decreases slowly
even at long distances (like in the last row of Supplementary Table [4) we should set £
such that the infectiousness of contacts has a slow increase with duration (like in the last
row of Supplementary Table , in order not to have a huge Ry, and we obtain the pink
curves in Supplementary Fig.[I] Vice-versa, if g is adjusted such that only close contacts
are contagious, we should give more importance to duration and suppose that also short
durations are at risk (e.g. blue curves in Supplementary Fig. .

In the numerical simulations discussed in the main text, we use the intermediate curves
in Figure [I| (in orange) as infectiousness functions. We report in Supplementary Fig.
some results obtained by using in the simulations the two other sets of curves. The left and
central panels represent the growth or decrease of the epidemic with the different policies
assuming respectively the pink curves (thus assuming that contagion can take place even
at long distance but only for long contact duration) and the blue ones (assuming contagion
even for short durations but only at close proximity). We observe that for what concerns
the controllability of the epidemics the two choices of proximity-duration dependence of
infectiousness do not bring significantly different results. Nevertheless, the right panel in
Supplementary Fig. 2| shows effectiveness and cost of each policy for the three proposed
curves of infectiousness, and we notice that circles and diamonds have a similar trend
(respectively corresponding to orange and blue curves in Supplementary Fig. , the choice
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Supplementary Figure 1: Infectiousness as a function of distance (left panel) or duration (right
panel) of the contact, for three different parameters configurations. By combining the two curves
corresponding to each color we obtain Ry = 3 in each case. The blue configuration implies an
infectiousness increasing rapidly with duration but decreasing fast with distance. On the contrary,
the pink curves correspond to an infectiousness that increases slowly with contact duration but
has a broader spatial range. All the simulation results in the manuscript are obtained assuming
the infectiousness to be ruled by the intermediate orange configuration.

of the pink curve (triangular symbols) would lead to a more optimized balance between
cost and effectiveness, with lower numbers of both false negatives and total quarantined
for each policy. This strengthens the idea that a better knowledge of infectiousness as a
function of duration and proximity of contacts would be fundamental to devise appropriate
policies to fight the pandemic.

It is worth mentioning the two constant factors pg, and rp, that appear in Eq. .
The first one is just a scaling factor, that we fix to the same constant value in all settings.
The second one instead plays a pivotal role. Indeed, the procedure described above for
parameters’ setting is aimed to reconstruct a scenario without restrictions, where the epi-
demic of COVID-19 is free to spread with Ry = 3. In this work, we analyze the effect of
isolation and tracing in a context where other protective measures contribute to mitigate
the spreading. These general precautions are described in our model as an overall reduc-
tion of Ry, obtained by using the reduction factor rg, € [0,1], with values reported in
Supplementary Table 5] The chosen reduced values of Ry take into account the combined
effect of all the alternative measures in a range suggested by recent literature |4l 5] 6] [7].

Let us notice that the two functions Wexposure and wyisy are in principle defined as two
independent functions reflecting respectively the dependency from duration and proximity.
We however chose to set their free parameters simultaneously combining these two effects
so as to explore how their mutual contributions change in shaping the contagions, while
keeping pg, fixed.
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Supplementary Figure 2: Left and central panels: Growth or decrease rate of the number of newly
infected individuals for each policy, assuming respectively that the dependence of infectiousness
from duration and proximity follows the pink curves and the blues curves of Supplementary Fig.
The reducing factor rg, is set to have Ry = 1.5 and we assume 40% app adoption. All the points
have been obtained as mean values over n = 200 simulations and the error bars represent the
standard error. Right panel: corresponding average values of false negatives vs total quarantines
for the different policies assuming for infectiousness the curves in pink (triangles), in orange
(circles), and in blue (diamonds) of Supplementary Fig.

Ro [30] 20 [ 15 | 1.2
Ty | 1.0 | 0.53 | 0.39 | 0.26

Supplementary Table 5: In the first row the desired values of R, are reported, while the
second row shows the corresponding values of the reduction factor rp, needed to obtain
them, with a scaling factor pp, = 60.

Supplementary Note 1.3 Robustness of the model with respect to
the definition of the infectiousness prob-
ability

We consider here another infectiousness curve that has been derived in the recent literature
by He et al. [14] . We follow here the author-correction version [15], that followed a critic
and correction suggestion [16] on the first version.

We show that, although this curve is different from the curve w that we use in this
paper, the predictions of the model do not change significantly, showing their robustness
with respect to changes in the infectiousness curve.

In the cited works the infectiousness is defined by means of two probability density
functions (PDFs): The incubation time g(¢) (probability of symptom onset as a function
of the time ¢ since infection), and the infectiousness probability f (), which is a function
of the time ¢ elapsed since the symptom onset (¢ can take negative values because of pre-



symptomatic infectiousness). In more details, the function ¢ is in turn taken from Li et
al. [17], and it is a lognormal distribution with mean 1.434065 and std 0.6612. The function
f is instead estimated by He et al. [I5]: it is assumed to be a gamma distribution, and
via a max-likelihood approach it is estimated to have shape 20.516508 and scale 1.592124,
and to be shifted by an offset 12.272481. A numerical PDF of the two distributions,
computed over 10° samples, and the analytical expression of the two PDFs are shown in
Supplementary Fig.

From these g, f, we can reconstruct a PDF wp(7) to be used in our model. This can
be done simply by sampling two values from ¢g and f and adding them (the total time from
infection to secondary infection is simply split into two intervals separated by the time of
symptoms onset). A numerical PDF of this distribution wye, computed over the same 10°
samples, is in Supplementary Fig. [3bl This function wy, may also be obtained analytically
by convolution as

wne(r) = / " e — gty

using the analytically known f and g. The discretized convolution is also shown in Sup-
plementary Fig. [3b] and it coincides indeed with the numerical values of wy.

Observe that this distribution assigns a positive probability (6.01%, see below) also to
infectiousness at negative times (i.e. an individual may infect another one before being
itself infected). We assume that this is due to the fact that the two distributions f and g are
estimated from two different populations [15], and thus statistical errors may be present.
For our aims this is not a limitation, as it just mean that the (cumulative) probability of
infection at zero is strictly positive.

Supplementary Fig. [3b|shows also the PDF w that we used in the paper. Both distribu-
tions peak roughly at the same time (w at 5 days, while wy, at 4 days). On the other hand,
whe has a wider support and a larger right tail, meaning that it models a non negligible
probability of secondary infection also several days after the infection of the spreader.

To have an analytical expression of wy, we try to fit shifted lognormal, gamma, and
Weibull distributions to wy. by least-squares minimization over the PDF obtained by con-
volution. The best results are obtained with a gamma distribution with density h(7) =

%Tpl_le_p” with parameters p; = 5.73, po = 0.55, and shifted by 4.67, which is plot-
ted in Supplementary Fig. [3d This allows also to derive an explicit cumulative density
function CDFy, of wye, which gives an estimate of CDFy(0) = 0.0601 (the fraction of
negative-time infections).

We can now use this modified infectiousness wy, in our model and compare the results
with the ones of Fig. 5| of the main text. First, we estimate again the reduction parameter
defining wqata (see Section of the main text), and we get rp, = 0.35.

Using this functional form of wy, in the model, we obtain the results of Supplemen-
tary Fig. 4| (see central panel in Fig. [5| of the main text for the corresponding results with

w). It is clear that the difference is quite limited since only Policy 1 and Policy 2 for
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Supplementary Figure 3: Visualization and estimation of the infectiousness probability density
function (PDF) wpye. PDFs f and g (Supplementary Fig. [3a)); estimated PDF wye, and PDF wpe
(Supplementary Fig. ; fit of wpe with a gamma distribution (Supplementary Fig. .

er = 0.8 move from being ineffective (Fig. [5] main text) to being effective. We can thus
conclude that no significant change in our conclusions would be introduced by adopting
this alternative infectiousness function in place of the current one. In particular, the pre-
dictions using w appear to be less optimistic in the prediction of the policies’ effectiveness,
since they estimate that not all policies are successful for e; = 0.8.
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Supplementary Figure 4: Tracing policy efficiency for alternative infectiousness. Growth
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Supplementary Note 1.4 Contact patterns in the CNS data set

To further guarantee the reproducibility of the results of this paper, we provide additional
details on the CNS data set.

As mentioned before, the CNS data set [I§] contains one month of data that is used
here as it is. Thus, for any detail we refer to the cited paper, and we only visualize in
Supplementary Fig. [5althe temporal distribution of the total number of contacts contained
in the data set. It is immediate to observe that the number of contacts has a periodical
behavior that reflects the day/night periods and the days of the week. Moreover, a certain
uniformity is present between different weeks.

For the simulations discussed in SI|Supplementary Note 3.6| we need to use a longer time
period, that is extracted from data that are not publicly shared in the CNS data set [18].
We extract the period from the 1st of September to the 30th of November 2013, and remove
the week between 7th and 13th of October, since it corresponds to a holiday week with
very few contacts. In this way, the whole timespan used for the simulations has an amount
of contacts that remains on average homogeneous in time. Supplementary Fig. [5b] shows
the distribution of contacts in this case.
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Supplementary Figure 5: Temporal distribution of the total number of contacts in the
CNS data set. The figures show the total number of contacts in the CNS data set (Supplemen-
tary Figure , and in the extended version (Supplementary Figure as a function of time.
The vertical red line represents the cut of the holiday week. The aggregation is computed with a
temporal gap of 300 seconds.

10



Supplementary Note 2 The continuous model and its
discretization

The epidemic model form [I9] [I] (to which we refer for a precise derivation) provides a
quantification of the number Y (¢, 7, 7') of people at time ¢ that have been infected at time
t — 7 by people who have in turn been infected at time ¢ — 7'.

The model characterizes Y as a function of s(7) and 3(7) (see[Supplementary Note 1)).
Observe that both are quantities in [0, 1], and that s(7) is non decreasing. The model then
states that Y'(¢,0,¢) is a given initial value and that for 0 < 7 < ¢ it holds

') —s(t' = 71)
1—s(r"—7)

Y (t,0,7) = B(r) (1 — ers(7)) /Tt (1 et ) Y, 7 7)dr . (8)

The values of 7,7 € [0, 1] are fixed in the original model, while we assume from now on
that may depend on 7. This dependence on the time is anyhow not used in the scenarios
considered in this paper.

Observe that in the absence of containment policies (i.e. e = 7 = 0) the model
predicts a behavior

Y (t,0,7) = 5(7’)/ Y(t,7,7)dr,

i.e. the new infected individuals are just given by the cumulative number of people who
have been infected at previous times, weighted by the infectiousness of the disease. In
other words, every previously infected person is a possible agent of new infection, and in
this scenario an exponential growth is observed. The isolation and tracing measures, on
the other hand, act as discounts on the number of available spreaders of the epidemic.

Supplementary Note 2.1 A more convenient form of the equations

As mentioned before, the model was analyzed in Fraser et al. [19], Ferretti et al. [I] by
considering its asymptotic behavior as ¢ grows to infinity. We instead need a finite-time
model that allows a flexible treatment of real data. To this end, it is convenient to use
the variable A(t,7) := Y (¢,0,7) (as in Fraser et al. [19]) which represents the number of
people which are infected at time ¢ by people who have been infected for time 7/ < ¢.
With straightforward manipulations, equation (8) can be rewritten for 0 < 7 < t as

11



follows

) —s(t" —71)
1—s("—71)

Y (t,0,7) =B(7) (1 —er(7)s(7)) /Tt (1 - ST(T)S< ) Y(t,7,7")dr

— B(r) (1 — e1(7)s(7)) /0 N (1 — (1) sl +7) - 5(’)>> Y(t, 7, p+7)dp

1= s(p)
— s a—amso) [ (1= LD v o

where we changed the integration variable to p := 7 — 7, and we used the translational
invariance of Y. In the variable A, this reads as

t—T
Mer) =5 1= 2im)s(r) [ (1= entn D Z A i (0
0 1—s(p)
Observe that this is an evolution equation that requires to define an initial number of
infected individuals, i.e. we assume that the quantity A(O 0) := Ay is a given number.
The quantity of interest is then the total number A(¢ fo (t, 7)dr of newly infected
individuals at time .

Supplementary Note 2.2 Discretization

We fix a value T' > 0 as the maximal simulation time and take n + 1 points in [0, 7] i.e.,
=1 ( ) 0<i<n.

We will approximate the values of A(7y,, ;) for k=1,...,nand i =0,...,k— 1, while,
according to Fraser et al. [19], we set A(7y,7;) = 0 for all i > k. Moreover, we assume that
the value A(r, 1) is given.

Observe that this discretization is equivalent to assume that the number of new cases is
measured only at equal discrete times (e.g. at the end of each day) rather than measured
continuously.

We show in the next section that the continuous model @D can be approximated by
defining a suitable value for A(7y, 79), and then iteratively computing the values of A(7y, 7;)
by applying the simple formula

k—i—1

Z 515T Tk‘—’th); 0§7x<k’§n’
j=0

Tk‘aTZ -

3|’ﬂ

where the matrix A € R™"™ is defined for 0 < 14,7 <n—1 as

EIET

oy ] BE A= eam)sn) (1 () T i <n—i-1,
( ELET)ij T ’ oo .
0 ifj>n—i—1,

12



We remark that this equation is a forward-in-time system, meaning that the compu-
tation of the values of A(7,t) is obtained using only values of A for previous time steps,
which have thus already been computed. This is in contrast with the case of Fraser et
al. [19] and Ferretti et al. [I], where an eigenvalue equation has to be solved, and only the
asymptotic state can be estimated.

Moreover, we can use A to compute

e

-1
M) =) A, m), 1<k<n. (10)

i

I
=)

We remark that equation in the main text uses versions of €7, e that are constant
in time.

Supplementary Note 2.3 Derivation of the discretization

As said above, we fix a value T' > 0 as the maximal simulation time and take n + 1 points
in [0,7]ie. 7:=14(£),0<i<n.
The points will be used also to approximate integrals via a right-rectangle quadrature
rule, i.e.
. A
dr ~ — ), 1<i<n. 11
| i = pm), 1<is (1)

j=0

The goal is to approximate the values of A(7, ;) for k=1,... ,nandi=0,...,k—1,
while, according to Fraser et al. [19], we set A(7,7;) = 0 for all @ > k. Moreover, we
assume that the value A(7y,7p) is given.

For 1 < k < n we first evaluate @ at the points, first in the variable t for 1 < k < n,
ie.

A, 7) = B(7) (1 — 1(1)s8(7)) /0_ (1 - gT(pf(ﬂ 1+_T)S(—p)s(p)) A(ri — 7, p)dp,

and then in the variable 7 for 7 < ¢, that is for 0 < i < k < n, i.e.

Ao m) = 8 (L =ertm)s(e)) [ (1= en(p IS A gy

Now observe that for 0 < i < k < n we have
k ' k—1
n n n
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which ranges between 7, for + = 0 and 7y for « = k£ — 1. The last equation becomes for
0<i<k<n

1—s

Th—i s(p+1)—s
A7) = B(m) (1 — 1(73)s(7)) / (1 —ep(p) et 0 (p)) A7, p)dp.
0
We can then use the quadrature rule to discretize the integral and to obtain
k—i—1

Ay, i) = B(1i) (1 — er(m)s(m) g Z (1 — ep(Ty) s(7; jjzi(;;<71)> A(Th—iy 75).

Observe that the upper limit in the sum has a value 0 < k—i—1<k—1for 0 <i < k.
Moreover, in this case we have for 0 < j < k —i — 1 that

: : oy
Tj-l-Ti_T(%)-i-T(%) _T(Jnl> = Tj+is

which ranges between 7; and 7,_;. Inserting this into the last equation we get for 0 <17 <
kE<n

Alrem) = B (1 - %Z (1 erm 2220y
<
)

1—s(7;

k—i—1

= IS () (1 = exlrstn) (“ffm) ) M) 02

1—s(7;

j=0

We can define the matrix A., ., € R™" whose entries are defined for 0 <i,7 <n —1 as

Y

B(Ti) (1 - €I(Ti)3(7i)) <1 - 5T(Tj)—S(TH_i)7§(Tj)> itj<n-—iv-1,
(Acyep)i = 1—s(r3)
! 0 if j>n—i—1,
which has a triangular structure (the first row is nonzero, in the second row the last element

is zero, ..., in the last row only the first element is nonzero).
With this matrix we can rewrite as

}: cren) M), 0<i<k<n, (13)

7=0

3|’€

TkyTz -

which is a recursive equation that determines the evolution of A(¢,7) once an initial con-
dition is given.

Assuming for now that these initial conditions are given, we can compute A(7x,7;)
forward in k£ and backward in i. That is, after we computed A(r, ;) forall ¢ =1,... k—1,
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and for 0 < i < ¢, we can use to compute A(7y,7;) for 1 < i < k, since in this case
the right hand side contains values A(7;_;, 7;) which have already been computed since
1<k—i<k—-1lforl<i<k.

The only remaining case is ¢ = 0, and in this case the formula gives instead

A"
A(Tk>TO) = — (AEI 5T)0 A(Tk’ 7—])
n =
k-1
T T
= E (A‘ELET)()() Tk77—0 + E E] ET Tk>7_j)
]21
thus
T —1 o kel
A7, 7o) = (1 - — (4, 5T>00) o Z (Ae; ET)O] ATk, 75)
j=1
where
s(10) — s(70)
A = 1— 1— 20y = 20
(g = B0 (1 = ex(r)stra) (1= er(r) L2000 )
= B(10) (1 — e1(70)s(70)) ,
and thus
T A T
1—— As € - =
( n (e T)OO) n n—T (AELET)OO
T

 n—TB(1y) (1 — er(10)s(70)) "
This term is positive if and only if
0 <n—T65(m0) (1 —er(r0)s(m)) = B(70) (1 —1(70)s(70)) < n/T.

Since the left hand side is at most ((7p), it is sufficient to require that n/T" > [(7p), or
n > 6(7’0) -T.

In this way we defined A(7y,7;) for all values 1 < k < n and 0 < ¢ < k. It remains to
assign the value A(7y, 1), which can be fixed to the initial value Ay.
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Supplementary Figure 6: Tracing policy efficiency with longer contact memory: 15 (in-
stead of 7) days. [6a} Growth or decrease rate of the number of newly infected individuals and
efficiency of the containment policies. Cross plot of the cost (number of quarantines) versus
the effectiveness (low number of false negatives) for each policy. and Temporal evolution
of respectively the percentages of false negatives, i.e. infected individuals not quarantined, and
false positives, i.e. not infected individuals quarantined, over the entire population, assuming an
isolation efficiency of e; = 0.8, a reproductive number Ry = 1.5, and 40% app adoption. The
points in the first two panels and the curves in the last two have been obtained as mean values
over 200 independent simulations, the corresponding error bars and the curve shadings represent
the standard error.
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Supplementary Note 3 Evaluation of additional contain-
ment measures and refined poli-
cies

Supplementary Note 3.1 Longer and shorter tracing memory

We explore here how the outcomes of the different policies depend on the memory length
of the contact history, which has been set to 7 days in the previous simulations (see Sup-
plementary Notes m of the main text).

First, to understand whether or not an increased memory would improve the effective-
ness of each policy, we repeat the experiments assuming that the contacts of each individual
are recorded for 15 days in the past, and report the results in Supplementary Fig.[6] When
comparing Supplementary Fig. @ with the original setting (central panel of Fig. [5[in the
main text), it is clear that the increased memory brings a negligible advantage. This is
confirmed by the total number of false negatives in Supplementary Fig. [6D] if compared
with Fig. of the main text, and this is at the price of increased storage requirements,
see total quarantines.

Second, it is worth investigating if a shorter tracing memory would give improvements
in terms of the numbers of false positives. We thus repeat the simulations assuming that
the memory is reduced to 2 days (still including the 2 days delay in the case reporting as
in all other settings). Supplementary Fig. [7| shows that the shorter memory reduces the
effectiveness of the policies of a significant amount, none of them crossing the black line
for ey = 0.8. Apparently, storing only 2 days of contacts reduces too much the number of
quarantined individuals (see Supplementary Fig. , affecting the effectiveness.

Supplementary Note 3.2 Longer delay

The implemented model, for the sake of realism, includes a variable delay between the
instant when a person is recognized as infected and the instant when that person is isolated.
We set the delay to 2 days in all the other simulations and we test here the effect of a
longer delay: 3 days, which is a good estimate for a system which is over-burdened but not
close to collapse. From Supplementary Fig. we observe that even one additional day
of delay has a strong impact on the behavior of the epidemic, with none of the proposed
policies able to cross the threshold of controllability, even for maximal isolation efficiency.
Moreover Supplementary Fig. shows that high levels of false negatives are reached for
each policy, around twice those obtained with only two days of delay (see Fig. in the
main text) even if the total number of people in quarantine is slightly higher.

This highlights how rapid interventions are fundamental in containment policies based
on contact tracing.
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Supplementary Figure 7: Tracing policy efficiency with shorter contact memory: 2 (in-
stead of 7) days. Growth or decrease rate of the number of newly infected individuals and
efficiency of the containment policies. : Cross plot of the cost (number of quarantines) versus
the effectiveness (low number of false negatives) for each policy. and Temporal evolution
of respectively the numbers of false negatives, i.e. infected individuals not quarantined, and false
positives, i.e. not infected individuals quarantined, assuming an isolation efficiency of e = 0.8,
a reproductive number Rg = 1.5, and 40% app adoption. The points in the first two panels and
the curves in the last two have been obtained as mean values over 200 independent simulations,
the corresponding error bars and the curve shadings represent the standard error.

Supplementary Note 3.3 Second order tracing

We additionally explore the possibility to keep track of contacts in a recursive way. Namely,
when an individual is isolated, not only its contacts are quarantined, but also its contacts’
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Supplementary Figure 8: Tracing policy efficiency with a longer reporting delay: 3
(instead of 2) days.

[Ba} Growth or decrease rate of the number of newly infected individuals and efficiency of the
containment policies. Cross plot of the cost (number of quarantines) versus the effectiveness
(low number of false negatives) for each policy. [8c| and Temporal evolution of respectively the
percentages of false negatives, i.e. infected individuals not quarantined, and false positives, i.e.
not infected individuals quarantined, over the entire population, assuming an isolation efficiency
of ey = 0.8, a reproductive number Ry = 1.5, and 40% app adoption. The points in the first two
panels and the curves in the last two have been obtained as mean values over 200 independent
simulations, the corresponding error bars and the curve shadings represent the standard error.

contacts. This obviously means an enhanced risk in terms of preserving the privacy of
individuals, and hence the major open question regarding this kind of policies is whether
or not the increased intrusiveness into an individual’s social network provides a tangible
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improvement of the virus containment efforts.

A complete study of this scenario is beyond the scope of this paper for a specific reason:
the continuous model (see Supplementary Notes [Supplementary Note 2|) does not take into
consideration this kind of tracing, and there is thus no way to use the information provided
by the study of the data set in this framework.

Nevertheless, we find meaningful to report here the results of this additional experiment.
We simulated the epidemic on the CNS data set, considering Ry = 1.5, a delay of 2 days
in isolating infected individuals and an app adoption of 40%. The numerical results are
shown in Supplementary Fig. [0 We immediately notice that such intrusive tracing policy
does not provide a significantly beneficial effect. Indeed, comparing Supplementary Fig.
and [9b] with respectively Fig. [6a] and [6D] in the main text, which are the corresponding
results for first order tracing, we notice that the levels reached by both false negatives and
false positives are slightly reduced with second order tracing but not of a large amount.
This appears clear also observing Supplementary Fig. [9c| and the table, where the values
of both total false negative and total quarantines are similar to those obtained with first
order tracing (see Fig. |6c| of the main text), with a slightly higher cost (larger percentages
of quarantines) and a slightly larger effectiveness (lower false negatives).

This preliminary study seems to suggest that such a high level of tracing, which implies
privacy issues (possibly even leading to lower adoption and compliance levels [20]), does
not seem to be worth it since it is not going to provide meaningful improvements to the
tracing system. We however remark once more that the reliability of this result is limited,
being linked to a specific data set and not to a general theory. For this reason we observe
that the concept of second-order tracing, a topic of recent discussions, deserves further
investigation and may possibly be expanded in future works.

Supplementary Note 3.4 Variations in the number of asymptomatic
individuals

In order to additionally verify the robustness of our predictions with respect to the epidemi-
ological modelling, we assume here that the number of asymptomatic individuals is 20%,
and additionally that a randomized testing policy that covers 25% of the asymptomatic
population is in place.

In this case, little changes in the predictions of the model (Supplementary Fig.
with respect to the case of 40% asymptomatics that was analyzed in the main text, since
all the policies are effective for ¢; = 1, while Policy 1 is the only one that fails to contain
the epidemic for e; = 0.8. No policy is effective for lower isolation efficiency. Similarly,
the quarantine dynamics (false negative and false positive, Supplementary Fig. and
appear to have a similar behavior as in the basic setting. Despite these seemingly
small changes in the success of the policies and in their cost, the cross visualization of
Supplementary Fig. shows that in this scenario it is harder to find a clear tradeoff
between cost and effectiveness, since the two scores change smoothly between the five
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Supplementary Figure 9: Numerical simulations with second order tracing. and
Temporal evolution of percentages of false negatives, i.e. infected individuals not quarantined,
and false positives, i.e. not infected individuals quarantined, assuming an isolation efficiency of
er = 0.8. [9¢ plot of the effectiveness (low number of false negatives) vs. cost (total quarantines)
of the policies. The parameters are set so as to have Ry = 1.5 and 40% app adoption. The
table reports the percentage of distinct individuals who have been quarantined over the entire
population and the percentage of them who were actually infected (true positive). The curves
in the first two panels and the points in the third have been obtained as mean values over 100
independent simulations, the corresponding curve shadings and error bars represent the standard
error.
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Supplementary Figure 10: Tracing policy efficiency with 20% asymptomatic and 25%
random testing. Growth or decrease rate of the number of newly infected individuals and
efficiency of the containment policies, assuming that symptomatic people account for the 80% of
the infected individuals, that they can be isolated and that an additional 25% of asymptomatics
can be identified via randomized testing. Cross plot of the cost (number of quarantines)
versus the effectiveness (low number of false negatives) for each policy. and Temporal
evolution of respectively the percentages of false positives, i.e. not infected individuals quaran-
tined, and false negatives, i.e. infected individuals not quarantined, over the entire population,
assuming an isolation efficiency of e; = 0.8, a reproductive number Ry = 1.5, and 40% app adop-
tion. The points in the first two panels and the curves in the last two have been obtained as mean
values over 200 independent simulations, the corresponding error bars and the curve shadings
represent the standard error.
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policies.

Supplementary Note 3.5 Close-range short-exposure vs long-range
long-exposure interactions

We test here two additional policies obtained by mixing a low space resolution and a high
time resolution, and viceversa. The policies are defined in Supplementary Fig. Policy
6 delimits the risk to short exposure but close range interactions, while Policy 7 captures
long exposure but long range interactions.

Signal strength | Duration | Fraction
1D (dBm) (min)
® Policy 6 —70 5 17.9%
® Policy 7 -91 30 2.1%

Supplementary Table 6: Parameters defining the two additional policies, and fraction of
the total number of interactions of the CNS data set that they are able to detect.

Supplementary Fig. [I1] in analogy with Supplementary Fig. [4 of the main text, shows
the new policies overlaid to the histograms of duration and signal strength of the CNS data
set contacts.

The values of the parameters (e7,er) characterizing the numerical simulations for the
new policies with Ry = 1.5 are shown in Supplementary Fig. (see Fig. [p| in the main
text, central panel, for a comparison with the policies in Fig. [3| main text), and it is clear
that Policy 7 is as effective as the most restrictive policies (Policy 2 to Policy 5), while
Policy 6 fails to contain the virus for an isolation efficiency smaller than 1. As for the
policies of Fig. [3| this effectiveness comes at the cost of a larger number of quarantines
(Supplementary Fig. and Supplementary Fig. [12d). However, Supplementary Fig.
shows that the cost of Policy 7 is in larger than the ones of Policy 2 and Policy 3, but
smaller than the ones of Policy 4 and Policy 5, while achieving a similar effectiveness.

We deduce that the ability to control the contagion seems to be more sensitive to dura-
tion of contacts than to their spatial distance. Indeed, policies which capture close range
but short exposure interactions happen to be less performative in quarantining people than
those signaling long range interactions with long exposure. In other words, quarantining
individuals who have had a short interaction with an infected one, even if at close-range,
is unnecessary. On the other hand, it appears to be important to track contacts with a
high spatial resolution, including the ones that happens at a rather long distance, if their
duration is significant.

However, we remark once more that these results are depending on the infectiousness
model that we have defined here, and that they could possibly change in a different setting.
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Supplementary Figure 11: Distribution of the duration, panel (c), and signal strength (taken
as a proxy for proximity), panel (b), of the contacts in the CNS data set. Panel (a) gives a
scatterplot of signal strength vs duration, and displays the thresholds defining the two policies of
Supplementary Table @

Supplementary Note 3.6 Compliance to quarantine decreases if
notified multiple times

In the main text we consider compliance as encoding the compliance to all parts of the
contact tracing and quarantine procedure. In other words, if some of the participants
install the app but then do not quarantine if notified, then they should be counted among
the non-compliant individuals since the effect would be the same than that of not adopting
the app at all. The non-compliance (or impossibility) to quarantine is therefore already
considered when choosing the percentage of app adoption. However, despite the fact that
people who adopt the app are aware that they could be required to quarantine even if not
infected, they may underestimate the possibility to be notified multiple times. A repeated
quarantine could represent a relevant problem under social and economical aspects for
many people, especially if unjustified. For this reason we decided to run an additional set
of simulations where adoption of the app does not necessarily coincide with compliance to
quarantine, and in particular it decreases if the same person is wrongly notified multiple
times.

In particular we assume that compliance to quarantine can drop due to repeated noti-
fications because the trust in healthcare and government institutions would drop too [21],
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Supplementary Figure 12: Tracing policy efficiency with additional policies.

[[2a} Growth or decrease rate of the number of newly infected individuals and efficiency of the
containment policies. Cross plot of the cost (number of quarantines) versus the effectiveness
(low number of false negatives) for each policy. and Temporal evolution of respectively
the percentages of false positives, i.e. not infected individuals quarantined, and false negatives, i.e.
infected individuals not quarantined, over the entire population, assuming an isolation efficiency
of e = 0.8, a reproductive number Ry = 1.5, and 40% app adoption. The points in the first two
panels and the curves in the last two have been obtained as mean values over 200 independent
simulations, the corresponding error bars and the curve shadings represent the standard error.

22|, 23]. Therefore the progressive decrease can be roughly estimated by considering the
most classical game based on trust: the prisoner’s dilemma [24], 25]. We focus in particular
on an experiment of repeated game [26] where people were asked to play multiple rounds,
each one with a different person. The experiment showed that willingness to cooperate
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decreased at each round and was measured for 10 rounds in total. We consider that the
same reduction in trust can be applied to the willingness to quarantine if notified. In a
broad sense, these two settings are indeed similar: in the prisoner’s dilemma each person
can choose to cooperate, which they know would be the best option for everybody, but
they do it at their own expenses, while in alternative they can choose an egoistic strategy,
putting the others at risk. In case of notification from the contact tracing app, people
would undergo a sort of “quarantine dilemma". Indeed there are two possible choices: the
compliant one (for the social benefit, but possibly in detriment of their own social and
economic life) and the egoistic one where a person decides not to quarantine, putting at
risk all the others.

We therefore consider that the first time that people are traced and identified as possible
infected they quarantine with probability 1. The second time it happens, if the person did
not develop symptoms during the first quarantine, the probability drops to 0.86. The third
time to 0.6, and so on, according to the values in Supplementary Table

Previous quar. | 0 | 1 2 3 4 D 6 7 8 9
Compliance 110.86]0.60 | 0.57 | 0.49 | 0.46 | 0.43 | 0.41 | 0.40 | 0.29

Supplementary Table 7: The second row reports the probabilities of compliance to quar-
antine if notified by the app, given that the same person has already been quarantined,
even if not infected, a number of times reported in the first row. The level of compliance
have been chosen according to Ref. [26].

We simulated this setting on an extended version of the CNS data set, containing
contacts for a period of three months instead of one, in order to be able to catch all the
repeated notifications (see SI [Supplementary Note 1.4] for a description of the extended
time period).

Notice that this modification can be inserted into the mathematical model if we con-
sider that the ey, that we compute as explained in Section of the main text, changes
its meaning. In this case it does not represent the ability to trace people but the possi-
bility to quarantine them, since traced individuals could refuse to quarantine. Only for
this case we thus rename e7 into €g. The controllability of the epidemic is depicted in
Supplementary Fig. [13a] while in Supplementary Fig. we report the number of people
who have been requested to quarantine as a function of the number of repetitions of these
requests, for the five different policies. The time evolution of false negatives is depicted
in Supplementary Fig. [I3¢ In general, in Supplementary Fig. we observe a similar
behavior to the one obtained in the original setting (Fig. |5| central panel and Fig. @ in the
main text), with a slightly general reduction of the efficacy of containment. Indeed, only
few people are asked to quarantine multiple times, as shown by Supplementary Fig. [I3D]
We can therefore assume that the original setting that we chose — and used in all other
simulations — depicts a scenario which is not far from the one that we obtain with this
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additional characteristic making the system more realistic, thus confirming the robustness
of our model.
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Supplementary Figure 13: Compliance to quarantine variable in time. Growth or
decrease rate of the number of newly infected individuals and efficiency of the containment policies.
[[36} Number of people who have been requested to quarantine as a function of the number of
repetitions of these requests, for the five different policies. and Temporal evolution
of the percentages of respectively false negatives, i.e. infected individuals not quarantined, and
false positives, i.e. not infected individuals quarantined, over the entire population, assuming an
isolation efficiency of e; = 0.8, a reproductive number Ry = 1.5, and 40% app adoption. The
points in the first two panels and the curves in the last two have been obtained as mean values over
n = 100 independent simulations, the corresponding error bars and the curve shadings represent
the standard error.

The possibility to run the code on the extended data set provides in addition the
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possibility to observe the phenomenon of growth and decrease of the active infected, which
after one month and a half dampen down, almost extinguishing the epidemic. The false
negative peak is followed by the false positive and unjustified quarantines are reduced to
almost zero in a couple of months (see Supplementary Fig. [13d).

Supplementary Note 4 Contagion heterogeneity due to
social structure

Each social context can be described by a temporal network of connections characterized
by a complex and unique topology which reflects the structure and organization of the
specific slice of society under study. Societies are usually organized in clustered structures
and it is often possible to divide people in subgroups, or clusters of individuals who are
more connected among each other than with individuals of other groups.

15

10
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Supplementary Figure 14: Intra- and inter-cluster contagion. The ratio ¢, quantifying the
tendency of contagions to take place inside a cluster rather than among different clusters, is
reported for different possible choices of partitions corresponding to different numbers of clusters.

In this section we explore the clustering structure of the CNS data set and how contagion
events are related to it. We use the Louvain algorithm for community detection 27|, able
to rapidly extract the community structure even for large networks. We apply it to the
aggregated graph of CNS, which is obtained by transforming the temporal graph in a static
one by considering at the same time all the connections among students and weighting them
according to their intrinsic characteristics: duration and proximity. In particular, we define
the aggregated graph by assigning to the edges with a proximity below the threshold of
-90 dBm a unitary weight, while for all the contacts characterized by a closer proximity we
label each edge with the total duration of contacts between the corresponding pair of nodes.
By modifying the resolution of the algorithm we achieve different possible partitions of the
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students, corresponding to different numbers of clusters, from 3 to 53. We then simulate
our model of contagion with isolation and tracing. Taking into account a sample of fifty
simulations, we count how many contagions in average take place intra- and inter-cluster
for each of the chosen partitions of the network. The numbers of contagions are normalized
with the numbers of existing contacts respectively intra- and inter-cluster, and we define

the ratio: ) ) i
_ fraction of intra-cluster contagions

c= _ , § (14)
fraction of inter-cluster contagions

which quantifies the tendency of contagions to take place inside a cluster rather than

among different clusters. For all the possible partitions based on duration of contacts we

find ¢ > 1, as reported in Supplementary Fig. [14]

We then observe the time evolution of the fraction of infected individuals belonging to
each different cluster. In Supplementary Fig. [15| this is depicted for two different possible
partitions and two different policies. In the first chosen partition the sample of students
is divided into seven clusters. We observe that, even if the levels of infections are different
for the two policies, being Policy 5 far more restrictive and thus effective than Policy 1,
the curves present a similar behavior (see panels (a) and (b)). In particular, there is one
group, identified by label 3, which is statistically more at risk, since it is observed that
contagions diffuse faster than in the other groups. Let us point out that such cluster is not
the most numerous one, as shown from the bottom left table in Supplementary Fig. [15]
The rapid growth of the curve of infections in the “front-runner" cluster is immediately
followed by four other groups, which evolve roughly together. The slower ones, with very
few contagions, are the less numerous clusters, which have few contacts with the rest of
the population.

The second partition that we take into account is composed by fifteen clusters. Again, we
observe that different groups show similar behaviors with the exception of one group with
a faster spreading and the small clusters, which tend to be preserved.

The study of contagions within and among socially connected clusters of individuals and
how the general epidemic depend on the organization of the network in these substructures
represents a rich and fascinating field of analysis [28]. Moreover, differentiated policies
could take into account this particular social structure, as proposed by Block et al. [29].
Nevertheless a deeper analysis on this topic is out of the scope of the present manuscript
and a future study will possibly be devoted to it.

Supplementary Note 5 Extended results on SocioPat-
terns data sets

In this section we present the results of simulations performed on two different data sets:

(i) HighSchool13[30], collected in a French high school, and (ii) InVS15[31], collected in a
French workplace. Both data sets have been collected using the sensing platform developed
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Supplementary Figure 15: Infected individuals in network clusters The two graphs above
depict two possible partitions of the aggregated network of interactions for the CNS data set.
The number of nodes in each cluster is reported in the legend. Panels (a) and (b) show the
time evolution of the percentage of infected individuals in each of the seven clusters of the first
partition, respectively applying Policy 1 and Policy 5. Panels (c) and (d) analogously represent
infections in the fifteen clusters of the second partition, respectively for Policy 1 and Policy 5.
The curves have been obtained as mean values over 100 independent simulations and the curve
shadings represent the standard error.

by the SocioPatterns collaboration[| based on wearable proximity sensors that exchange
radio packets, detecting close proximity (< 1.5m) of individuals wearing the devices [32].

Thttp:/ /www.sociopatterns.org/
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These data do not contain information on the signal strength, but simply give a list of
contacts between individuals with a resolution of 20 seconds. Both simulations and policies
are thus redefined only as a function of contact durations.

In order to study the effectiveness of the policies and the spreading of the virus, and
given the timescales involved, we need data extending on more than 15 days. As the
SocioPatterns data have a high temporal resolution (20 seconds) but were collected for
shorter overall durations, we artificially extend the length of each data set by replicating
it (copying and pasting the entire data set so as to concatenate it multiple times). Supple-
mentary Table [8] gives the number of nodes, the length of the data set (in days) and the
duration of the replicated data.

InVS15 | HighSchooll3
# of nodes 211 327
Days 11.5 4.2
Extended Days 46 16.8

Supplementary Table 8: Number of nodes, days and extended days for each SocioPatterns
data set.

For both these data sets, similarly to the CNS data set, most contacts happen before
the infectiousness reaches its peak (Supplementary Fig. , even if contacts are present
for all possible durations. Nevertheless, these are sufficient to spread the infection.
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Supplementary Figure 16: Infectiousness and contact distribution in a high school and
in an office.

Distribution of the time since infection of the people having contacts, probability distribution w(7)
(black line) determining the infectiousness as a function of time, and distribution s(7) determining
the cumulative probability to detect an infected person (purple line). The two plots are obtained
with e; = 0.8 and Policy 5 for the InVS15 (Supplementary Fig. and the HighSchooll3 data
sets (Supplementary Fig. [16b)).
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We further run the simulations on the network for the five policies of Fig. |3|in the main
text (recall that only distances are taken into account). To this end, the scaling factors
of the infectiousness (Supplementary Note 1.2)) require first a calibration. We thus first
recompute the factors pg, to obtain Ry = 3, and then we compute rg, as reported in
Supplementary Table [9]

InVS15 | HighSchool13
Ry 1.5 1.5
TR, | 0.49 0.35
Pro | 420 252

Supplementary Table 9: Reduction factors for the SocioPatterns data sets.

Supplementary Note 5.1 SocioPatterns data: High School

In this case no policy is able to reach containment for ¢; = 0.8 (Supplementary Fig. ,
even if Policy 5 is essentially on the boundary of no epidemic growth. For e; = 1, instead,
all the policies are successful.

The uniform lack of success of the five policies is reflected by a similar time evolution of
the curves of the number of false negatives (Supplementary Fig. [17d)). Still, the policies are
uneven regarding their quarantine cost (Supplementary Fig. , since Policy 5 wrongly
quarantines a substantially larger number of people than the other ones. In this case, the
cost to effectiveness plot (Supplementary Fig. does not identify a best policy. This is
to be expected, since none of them achieve the goal, and thus side costs play a little role
in the ranking of the policies.

Supplementary Note 5.2 SocioPatterns data: Workplace

In the workplace environment, Policy 5 is successful for e; = 0.8 (Supplementary Fig. ,
and for e; = 1 all policies except for Policy 1 are successful.

The higher effectivity of Policy 5 is reflected in a higher cost in terms of false positives
(Supplementary Fig. [18d)), but in this case this information is not particularly meaningful
since there is no other successful policy to compare with. This is also the case of the cost
to effectivity comparison (Supplementary Fig. .

We also remark that in the numerical simulation the number of false negatives is in
fact rapidly dropping to zero for all policies (Supplementary Fig. [18d), and this might
suggest that the epidemic spread is kept under control. It is a peculiar case, since that
the data set contains very little contacts, so the epidemic is spreading on few people (often
2-3) without propagating further. On the other hand, missing just one of the infected from
tracing results into a very high ratio of unsuccessful tracing, thus in a small value of e7. This
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Supplementary Figure 17: Tracing policy efficiency in a high school. : Growth or decrease
rate of the number of newly infected individuals and efficiency of the containment policies.
Cross plot of the cost (number of quarantines) versus the effectiveness (number of false negatives).
and Temporal evolution of respectively the percentages of false negatives, i.e. infected
individuals not quarantined, and false positives, i.e. not infected individuals quarantined, over the
entire population, assuming an isolation efficiency of ey = 0.8, a reproductive number Ry = 1.5,
and 40% app adoption. The points in the first two panels and the curves in the last two have
been obtained as mean values over 200 independent simulations, the corresponding error bars and
the curve shadings represent the standard error.

value, when inserted into the mathematical model, predicts the no-containment outcome
observed before (Supplementary Fig. [18a). This seemingly contradictory behavior is in
fact only revealing the fact that the mathematical model works on aggregated quantities,
assuming homogeneous contacts, and in this case the spreading is a rare event in the
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Supplementary Figure 18: Tracing policy efficiency in an office building. Growth or
decrease rate of the number of newly infected individuals and efficiency of the containment policies.
Cross plot of the cost (number of quarantines) versus the effectiveness (number of false
negatives). and Temporal evolution of respectively the percentages of false negatives, i.e.
infected individuals not quarantined, and false positives, i.e. not infected individuals quarantined,
over the entire population, assuming an isolation efficiency of e; = 0.8, a reproductive number
Ro = 1.5, and 40% app adoption. The points in the first two panels and the curves in the last
two have been obtained as mean values over 200 independent simulations, the corresponding error
bars and the curve shadings represent the standard error.

network that is not possible to capture effectively by averaging over the entire population.
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Supplementary Note 6 Other models of digital contact
tracing

Multiple recent modeling studies have shown that contact tracing may reduce epidemic
spreading, and that the efficacy of its realization — contact identification and timing —
plays a pivotal role for mitigation.

Some theoretical models of contact tracing date back to 2003-2004 and were originally
developed for fighting smallpox [33,[34], proving that isolation and tracing are useful to slow
down contagions. These works however have a slightly different approach where contact
tracing is limited to small communities, which would be useless with a large-scale epidemic
like that of COVID-19. Multiple alternative procedures have been proposed in the last
months. For instance, the works of Hellewell et al. [35] and of Kretzschman et al. [36]. The
first one assumes that contacts are traced with a fixed probability p, while the second one
includes a distinction between contacts within a household and outside — these last not
affected by physical distancing. Gorji et al. [37] instead propose a model where contact
tracing is combined with a mass testing becoming “smart testing", suggesting that it would
avoid numerous quarantines. A further work by Fraser et al. [38] explores the difference
between centralized and decentralized tracing and the relative privacy issue. Backward
and forward (predictive) tracing is introduced by Kojaku et al. [39], claiming that it could
prevent a significant fraction of further transmissions. Very few studies make use of real-
world contacts. A comprehensive study on isolation and tracing simulated on a real-world
social network is provided by Firth et al. [40]. This study is however limited by the fact that
the absence of targeted policies implies a large portion of the population being quarantined,
with diffused local lockdowns. Refined policies are instead proposed by Lorch et al. [41],
based on the risk of exposure of each individual in the specific sites they visit, making use of
mobility data and crowding. A further numerical analysis is devised by Barrat et al. [42],
applied to different social contexts. Another way to simulate spreading and tracing on
realistic scenarios is represented by the use of data to generate synthetic contact networks.
This approach has been devised by Kucharski et al. [43], Lopez et al. [44], Hinch et al. [45],
and Abueg et al. [46]. Some of the works cited above are summarized in Ref. [47].

We claim that a complete analysis of contact tracing needs real or realistic data and
at the same time should be based on a solid mathematical model. This model should be
general enough in order to provide a framework that can be applied in multiple contexts.
We also claim that specific and targeted policies should be implemented in order to control
such a large-scale epidemic without implying a total or partial lockdown.

The mathematical framework that we chose to implement in our strategy, as previously
mentioned, is that proposed by Fraser et al. [I9] and its adaptation to the COVID-19
pandemic (Ferretti et al. [1]). This work describes the evolution of an epidemic in a homo-
geneously mixed population. It uses recursive equations that have been adapted to include
the parameters €; and 7 and, assuming an exponential growth for the number of infected
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individuals, the authors study how the growth rate depends on the intervention parame-
ters. This inspiring approach represents the baseline of our model, which, not only enriches
the work of Ferretti et al., but goes beyond the original analyses opening a wider scenario
allowing policy evaluation. First, the assumption of full homogeneous mixing represents a
limitation in epidemic modeling [48], [49] 10} [50], while realistic social network architectures
might be particularly relevant for contact tracing [39]. We overcome this problem by ob-
taining contact tracing efficiency from numerical simulations on real-world contacts, thus
capturing complex interaction structures that are necessary for a realistic quantification of
this parameter. Second, in the work of Fraser et al. the mathematical framework is limited
to exponential growth, and we devised a modified version of the equations where the time
evolution is not constrained to any specific form. Third, we considered the parameter e
to be dependent from ey, since tracing is a direct consequence of isolation: we would not
have tracing without first identifying and isolate the primary cases. Moreover, for what
concerns the epidemiological aspect, it is true that the infectiousness rate in the work of
Fraser et al. is accurately designed based on literature and data, including contributions of
asymptomatics too, however the symptom onset rate is defined such that everyone sooner
or later gets symptoms. This implies that every individual can possibly be isolated, alter-
ing the reliability of the isolation procedure. We corrected this detail too, requiring that
the curve in Supplementary Fig. [4] of the main text goes to 0.8 at large times. In general,
we have slightly modified the epidemiological aspect of the model, using recent literature
on COVID-19 [14, 5T} [13], to consider asymptomatic cases and the delay in isolating indi-
viduals after they are identified as infected (Supplementary Note 2|). Finally, as previously
highlighted, the distinctive characteristic of our work is the evaluation of tracing efficiency
on real contact data captured by Bluetooth sensors, and no more on an arbitrary parame-
ter of the model. In particular, our work focuses on investigating how much the efficiency
of DCT is influenced by the definition of different thresholds on the duration of exposure
time and on the physical distance of detected contacts. This allows to devise appropriate
policies and to evaluate which of them are more suitable after a study of efficiency and
cost.

Data Availability

The data that support the findings of this study are publicly available.
The CNS data can be found at https://doi.org/10.6084/m9.figshare.7267433
and the SocioPatterns data at http://www.sociopatterns.org

Code Availability

We are pleased to make available the source-code accompanying this research [52]. The
code uses Python (version 3.8.3), Numpy (version 1.18.5), Scipy (version 1.2.0), Networkx
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(version 2.5), Matplotlib (version 3.0.2).
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