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Effective contact tracing is crucial to contain epidemic spreading without disrupting societal
activities especially in the present time of coexistence with a pandemic outbreak. Large gatherings
play a key role, potentially favouring superspreading events. However, the effects of tracing in large
groups have not been fully assessed so far. We show that beside forward tracing, which reconstructs
to whom disease spreads, and backward tracing, which searches from whom disease spreads, a third
“sideward” tracing is always present, when tracing gatherings. This is an indirect tracing that
detects infected asymptomatic individuals, even if they have neither been directly infected by, nor
they have directly transmitted the infection to the index case. We analyse this effect in a model of
epidemic spreading for SARS-CoV-2, within the framework of simplicial activity-driven temporal
networks. We determine the contribution of the three tracing mechanisms to the suppression of
epidemic spreading, showing that sideward tracing induces a non-monotonic behaviour in the tracing
efficiency, as a function of the size of the gatherings. Based on our results, we suggest an optimal
choice for the sizes of the gatherings to be traced and we test the strategy on an empirical dataset
of gatherings in a University Campus.

I. INTRODUCTION

Public debate about measures to curb pandemic
spreading in the present time, where new extensive out-
breaks of SARS-CoV-2 are emerging due to highly trans-
missible variants, is dominated by opposite tensions to-
ward contrasting goals. On the one hand many advocate
the continued implementation of strict policies aimed at
preventing virus propagation and all the resulting conse-
quences in terms of deaths, sufferings and long-lasting
health problems [1–3]. On the other hand the heavy
economic, societal and psychological costs of restrictions
push many to call for lifted restrictions and a general
rapid return to normal activities [4–6]. Finding an ac-
ceptable tradeoff between these two clashing tendencies
is extremely hard. Decisions must necessarily be taken
by policy-makers, but it is the task of science to provide
informed advice and predict likely scenarios [2, 7–9].

A key role in epidemic spreading is played by large
gatherings of people, which are fundamental structures of
social networks [10–12]. Indeed one of the most common
measures taken by governments to limit disease propaga-
tion is the prohibition to hold gatherings above a given
size, to suppress the chance of ’superspreading events’
(SSEs), where a large number of people are simultane-
ously infected [13–16]. A firm theoretical underpinning
for these types of decisions is still lacking. Recent re-
sults have shown that large gatherings may have dra-
matic effects when ’complex contagion’ is at work, i.e.
the probability of transmission depends nonlinearly on
the number of independent exposures an individual is
subjected to [17]. This is however not the typical case
for disease spreading (simple contagion), where contact
with two infectious individuals simply doubles the conta-
gion probability. Nevertheless the meeting of large groups
implies the formation of a quadratically large number of
contacts and for this reason limitations to the size of al-
lowed gatherings has a substantial impact on epidemic

propagation [18]. In this paper, we show that the spe-
cific nature that makes large gatherings threatening, on
the other hand can improve the effectiveness of contact
tracing procedures and therefore control the spreading
process without disrupting societal activities.

The tracing of contacts of infected individuals and their
subsequent isolation is one of the main weapons against
disease spreading, in particular when pre-symptomatic
and asymptomatic individuals are responsible for a large
share of transmission events [19, 20]. In the absence of
contact tracing, all presymptomatic and asymptomatic
infections can go undetected as observed with SARS-
CoV-2 [8, 9, 21, 22]. In the usual framework where only
binary contacts occur, two types of contact tracing (CT)
are possible when somebody is found infected: backward
CT follows the transmission chain back in time, aiming
at reconstructing who infected the index case [23–25];
forward CT instead looks for people potentially infected
upon contact with the index case prior to his/her detec-
tion [23–25]. In the case of a gathering, if the group is
traced as a whole, the efficacy of the procedure is greatly
enhanced because of an indirect effect that we dub side-
ward CT, qualitatively different from the two other trac-
ing types. Sideward CT allows to indirectly trace infected
asymptomatic individuals that have participated in the
same gathering, even if they have neither been directly
infected by the index case nor they have directly infected
him/her. We analyze this effect by considering a model
of epidemic spreading (tailored to describe SARS-CoV-2
transmission) on a temporal network with groups acti-
vation [26], a standard modelling scheme for mutually
interacting groups of people evolving with time. In this
framework we determine analytically the contribution of
each of the three types of tracing to the suppression of epi-
demic spreading, revealing the great importance of side-
ward tracing. We show that due to the simultaneous
contribution of the three mechanisms, the effectiveness
of tracing gatherings is non-monotonic as a function of
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FIG. 1. The epidemic compartmental model with and
without tracing. a Scheme of the transitions in the com-
partmental epidemic model without CT. b The enlarged com-
partmental model in the presence of forward, backward and
sideward CT. The transition rates for infections and for CT
are discussed in details in the text and in the Supplementary
Material, SM.

the gathering size. In particular, the effectiveness fea-
tures a maximum, where the contact tracing including
all the three mechanism is maximally effective. We test
our results on synthetic group size distributions and on an
empirical dataset for gatherings in a University Campus,
whose group distribution is determined via WIFI data,
and we suggest an optimal strategy to choose the typical
size of the gatherings to be traced. This optimal tracing
of large gatherings can readily offset their potential for
disease spreading, thus providing a concrete strategy to
curb epidemics still allowing activities to proceed with
limited restrictions.

II. RESULTS

A. Epidemic spreading on simplicial temporal
networks

Temporal networks constitute a general framework de-
veloped in recent years, to model systems in which in-
teractions among elements are continuously added and
removed, typically on the same temporal scale of the pro-
cess that is considered on the network [27]. In particular,
in activity-driven networks the activation of the links is
determined by the activity of the nodes [28–30]. Here we
focus on activity-driven simplicial temporal networks, in
which the temporal dynamics of social contacts occurs in
groups, accounting for the higher-order nature of inter-
actions [11, 12, 26].

In particular, we consider individuals as nodes of a
temporal network, that interact with others by taking
part in gatherings, modelled as simplices: each node in a
gathering is in contact with all the others forming thus a
fully connected cluster. The interaction network evolves
by activating simplices at rate a, the simplex activity;
when a (s − 1)-simplex (i.e. a clique of size s) is active,
s nodes are chosen uniformly at random to participate
in the simplex, producing s(s − 1)/2 interactions. Then
the links are destroyed and the process is iterated. The
simplex size s is drawn from a distribution Ψ(s) that
models the heterogeneity in the size of gatherings. Usual
pairwise interactions correspond to simplices with s = 2.
On top of this network, the pathogen spreading dynam-
ics is described by a compartmental model (see Fig. 1a)
accounting for the main stages of a contagious disease
with asymptomatic and pre-symptomatic transmission,
such as SARS-CoV-2 infection [22, 31, 32]. A susceptible
individual S is infected with probability λ if connected
with an infected node by a link of the temporal simplex.
Infected individuals branch out in two paths: the infec-

tion can be symptomatic with probability δ, S
λδ−→ P ,

or asymptomatic with probability (1 − δ), S λ(1−δ)−−−−→ A.
Asymptomatic nodes A spontaneously recover (R) with
rate µ = 1/τ ; pre-symptomatic individuals spontaneously
develop symptoms with rate γP = 1/τP , thus with a Pois-

sonian process P
γP−−→ I, and then infected symptomatic I

spontaneously recover with rate µI = µγP /(γP −µ). The
average infectious period is therefore τ both for asymp-
tomatic and symptomatic individuals. Susceptible S, re-
covered R, asymptomatic A and pre-symptomatic P in-
dividuals have an equal uniform probability to join a sim-
plex. Over this temporal network we introduce an adap-
tive behavior, assuming that symptomatic individuals I
are immediately isolated and thus are not able to partic-
ipate in simplices and propagate the infection [33–36].

SIR compartmental models are characterised by an ac-
tive phase, in which the epidemic propagates to a finite
fraction of nodes, and an absorbing phase with the num-
ber of infected individuals exponentially decaying to zero.
The epidemic threshold separating the two phases can be
analytically obtained by means of a linearisation proce-
dure, providing the stability of the absorbing phase. In
particular in activity-driven models the calculation of the
threshold is exact since local correlations are continuously
destroyed by link reshuffling [28–30]. We use the infec-
tion probability λ as control parameter; i.e. only above
its critical value λC – the epidemic threshold – extensive
outbreaks reach a finite fraction of the population. The
effectiveness of a control strategy can be estimated by the
increase of λC . In the simplicial temporal network with
no adaptive measures (NA) the threshold is [26]:

λNAC =
µ

a〈s(s− 1)〉 , (1)

where 〈f(s)〉 denotes the average over the different sim-
plex sizes 〈f(s)〉 =

∫
dsΨ(s)f(s). Notice that the critical

condition can be reformulated in terms of the basic repro-
duction number R0, which is defined as R0 = λ/λNAC =
λa〈s(s− 1)〉/µ.

If symptomatic individuals I are immediately and per-
fectly isolated once they develop symptoms, the epidemic
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threshold is (see the Supplementary Material - SM, Sec-
tion I.D for details):

λsymptoC = λNAC

γP
µ

δ + γP
µ (1− δ) . (2)

Also in this case the concept of epidemic threshold can be
reframed in terms of the reproduction number R0, which

is defined as R0 = λ/λsymptoC = λa〈s(s−1)〉
µ

δ+(1−δ)γP /µ
γP /µ

. In

Eq. (2) for δ = 0 (no symptomatic infection) we recover
Eq. (1), while for δ = 1 the epidemic transmission is
maximally reduced due to isolation of symptomatic in-
dividuals. This increases λC of a factor γP

µ . Hereafter,

λsymptoC will be the reference for the evaluation of the
performance of CT strategies.

B. Contact tracing mechanisms in simplices

We consider a traditional (non app-based) CT pro-
cess [36] on simplices: the goal is to identify and isolate
infected asymptomatic individuals. Note that since indi-
viduals in state I are instantaneously isolated, they do
not participate in simplices. Only individuals in state P
or A may spread the infection. Within this assumption
presymptomatic individuals also represent people with no
symptoms or very weak ones, thus still able to attend
events, at least for a certain time before isolation (imper-
fect isolation). CT is activated when a presymptomatic
individual develops significant symptoms P → I: in such
a case each simplex he/she has participated in during the
previous TCT days is traced as a whole, with a probability
ε(s). Each node belonging to a traced simplex is tested
and, if found in the asymptomatic infected (A) state, iso-
lated. The tracing procedure is stopped at the first-step,
so we do not consider iterative tracing. The probability
of tracing a simplex can depend in general on the size s:
people typically remember only some of the gatherings
they joined; some simplices are easily fully traced (e.g.
school classes, workplace meetings) while others are not
easily reconstructed (e.g. interactions on public trans-
portation, shops, restaurants). The dependence of ε(s)
on the simplex size s also allows to model tracing strate-
gies targeted at groups of a given size.

In the present framework CT is modelled by introduc-
ing two additional compartments for asymptomatic in-
dividuals (see Fig. 1b): traced asymptomatic, AT , and
quarantined asymptomatic, AQ. An AT node is asymp-
tomatic and infective, just as an A individual, but it has
been in touch with a pre-symptomatic individual who re-
members the gathering where the contact took place. We
assume that tracing time is shorter than the typical time
of the epidemic evolution, so that it can be considered
instantaneous. Therefore, when the pre-symptomatic de-
velops symptoms, the AT node enters quarantine and be-
comes an AQ node, which is isolated and hence does not
participate in simplices. We describe the effect of isola-
tion of contacts occurring when the index node develops
symptoms setting the transition AT → AQ at the same
rate γP for the appearance of symptoms (see [36] for a
discussion on the effects of longer tracing times).

Besides these assumptions, our model involves other
hypotheses in the tracing procedure and in the epidemic

transmission. For example, we assume that all nodes
within a traced simplex are identified and that, once the
nodes are found infected, the isolation of quarantined in-
dividuals is perfect. We also assume that symptomatic
and asymptomatic individuals have the same infectivity
and that the probability of infection is independent of
the simplex size. All these assumptions can be relaxed
in the model in a straightforward manner, by including
new parameters or interdependences between the param-
eters with no conceptual obstacles. We do not expect
this to modify substantially our findings on the general
behaviour of the tracing procedure that we are going to
discuss.

Inside simplices three types of contact tracing mecha-
nisms are at work: forward and backward CT, already
present for pairwise interactions [23–25, 36], are aug-
mented by sideward CT, which is specific of simplices
traced as a whole.

Forward CT looks for asymptomatic individuals in-
fected by a presymptomatic index case who, upon de-
veloping symptoms, activates the CT. This mechanism
involves, in the simplex, one susceptible node and a
presymptomatic index case (see Fig. 2a). At the mo-
ment of the infection event, the susceptible node becomes
asymptomatic and traced (AT ), the tracing occurs along
the same link on which the infection takes place. See
Methods for the associated term in the mean-field equa-
tions.

Backward CT is the search for the source of infection
of a symptomatic index case, who activates the CT. This
mechanism is at work when in a simplex an asymptomatic
node infects a susceptible node making it presymptomatic
(see Fig. 2b): the asymptomatic node is traced (becoming
AT ) along the contact that produced the infection, but
the tracing goes in the opposite direction. The asymp-
tomatic node traced in the process is already infected
when he/she enters the simplex, thus the tracing occurs
after the infection event and after he/she has potentially
infected other nodes. See Methods for the associated
term in the mean-field equations.

Sideward CT finds asymptomatic nodes infected by
other asymptomatic individuals, by exploiting the pres-
ence in the simplex of a third node that develops symp-
toms (see Fig. 2 c). Therefore, sideward CT occurs when
in the simplex there is at least one asymptomatic A (or
traced asymptomatic AT ) node, that infects a suscepti-
ble node (that becomes asymptomatic) and also infects
at least another susceptible node (that becomes presymp-
tomatic). The participation in the same simplex implies
that the asymptomatic is traced so that it enters quar-
antine when the presymptomatic develops symptoms and
activates CT. Another possibility is that the two suscep-
tible nodes in Fig. 2 c are infected by different asymp-
tomatic individuals, however the term associated to this
process is quadratic in the density of asymptomatic nodes
and hence does not influence the threshold value. Side-
ward CT requires the presence of at least three nodes,
thus it is active only if s ≥ 3; moreover it occurs ”lat-
erally”, since the traced contact does not transmit the
infection. Note that in the same simplex also backward
CT can be activated on the infector if it is an infected
asymptomatic A. In the linearised mean-field equations
(see Methods), sideward CT is described by a transition
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FIG. 2. Contact tracing mechanisms in simplices: forward, backward and sideward CT. a Scheme of the forward
CT. b Scheme of the backward CT. c Scheme of the sideward CT: note that in this case the CT can be activated both if the
infected node is A or AT . Moreover in this simplex also backward CT can occur on the node A, if present, activated by S → P ,
but for simplicity we do not show it in the scheme. Finally, sideward CT can be activated if the asymptomatic and symptomatic
infections are produced by two different asymptomatic individuals (or traced asymptomatics), who participate in the simplex;
this process is considered in the model (see SM) and produce a term quadratic in the density of asymptomatic nodes. However
for simplicity in the scheme we consider the first-order term, which is the only one to survive the linearisation for the calculation
of the epidemic threshold. In all the tracing mechanisms, the traced node becomes AT upon contact with the index case and
then is isolated AT → AQ at the same rate γP for the appearance of symptoms in the index case P → I, assuming the tracing
time shorter then the typical time of the epidemic evolution, so that it can be considered instantaneous. d Summary of the
main features of the three CT mechanisms.
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from S directly to AT with the following term:

CSideward = aλ(1− δ)
〈
ε(s)s(s− 1)

[
1− (1− λδ)(s−2)

]〉
[A(t) +AT (t)], (3)

where a is the simplex activation rate, the probability
to take part to the simplex for the susceptible node is
proportional to s and, in the linearised regime, the prob-
ability that among the remaining (s − 1) nodes there
is an asymptomatic (or a traced symptomatic) node is
(s−1)[A(t)+AT (t)]. The asymptomatic infection occurs
with probability λ(1 − δ) and

[
1− (1− λδ)(s−2)

]
is the

probability that, at least in one of the remaining (s− 2)
nodes, a symptomatic contagion occurs. ε(s) is the prob-
ability that the simplex is traced and the term is averaged
over all simplex sizes.

The CT terms feature a highly non-trivial dependence
on the control parameter λ (see Eq. (3), Methods and
SM): this complicates the calculation of the epidemic
threshold λC (see SM) and prohibits to formulate the
reproduction number R0 as a simple function of λ, unlike
the case with only symptomatic isolation. Thus, here-
after we will describe the critical behaviour by means of
the epidemic threshold λC . Again, the goal of CT is to in-
crease the threshold: the more effective the CT strategy,
the higher the value of λC .

C. The effects of forward, backward and sideward
tracing in simplices

The three tracing mechanisms contribute differently to
the epidemic mitigation and their effectiveness depends
on the structure of interactions, i.e. the simplex distribu-
tion Ψ(s). To compare their performance we assume that
the probability to be traced is equal for simplices of any
size, i.e. ε(s) = ε, ∀s. We keep constant n = a〈s(s− 1)〉,
the average number of contacts per individual per time
unit, so that different distributions Ψ(s) correspond to
the same number of interactions, arranged in simplices
of different size. We assess the specific effect of each CT
by calculating the threshold first when only symptomatic
individuals are isolated, then with each CT mechanism
at work separately and finally when all CTs are active
(see Methods and SM). In Fig. 3 a-b we consider all sim-
plices of the same size s, i.e. Ψ(s) = δ(s − s), where
δ(x) is the Dirac delta-function, while in Fig. 3 c-d an
exponential distribution Ψ(s) ∼ e−βs is considered, with
s ∈ [2,∞). Finally, in Fig. 3 e-f the simplex size distri-
bution is a power-law Ψ(s) ∼ s−(ν+1), with s ∈ [2, sM ]
and sM being of the order of hundreds of nodes, as often
observed in real systems [10]. The effects of the isolation
of symptomatics and of forward CT are independent of
Ψ(s), while backward and sideward CT strongly depend
on Ψ(s). Sideward tracing is very effective in the presence
of large simplices, where lateral tracing is more probable,
while it cannot be triggered for s = 2 (i.e. simple links).
In large simplices, sideward CT is indeed able to trace all
new asymptomatic individuals and isolate them at the
infection, avoiding epidemic spreading and the explosive

effects of SSEs. On the other hand, backward tracing
is more effective on small simplices: in large clusters,
with many contacts, it only traces the source of infec-
tion, while other simultaneous contagions may occur and
go undetected.

Interestingly, when all CT mechanisms are at work, the
combination of backward and sideward tracing gives rise
to a non-monotonic behaviour as a function of the simplex
size. In particular, the threshold features a maximum,
where CT is maximally effective. In networks with a sin-
gle simplex size or with a sharp exponential distribution,
the size corresponding to this maximum is of the order
of 100 nodes, while for broader distributions, with very
large clusters dominating the transmission even at small
〈s〉, the tracing is maximally effective when 〈s〉 ≈ 10. The
position of this maximum strongly depends also on the
fraction of asymptomatic nodes (see SM). In particular,
a large fraction of asymptomatic nodes is most effectively
traced by sideward tracing while for few asymptomatics
backward tracing is most effective.

D. Optimal strategies for contact tracing in a real
setting

In the presence of large simplices, epidemic diffusion is
mainly driven by SSEs, with many infections in few large
gatherings. This suggests to focus tracing efforts specif-
ically on large simplices. We quantitatively test this hy-
pothesis by comparing the impact of the different tracing
mechanisms in a realistic situation. We use Ψ(s) distri-
butions measured empirically at the University of Parma
(Italy) by considering simultaneous connections to Access
Points (APs) of the university WIFI network as proxies of
gatherings (see Methods, Fig. 4a and Fig. 5). Only epi-
demiologically significant gatherings, i.e. lasting longer
than 15 minutes [37], are considered: note that indoor
airborne transmission of SARS-CoV-2 has been observed
to occur on spatial scales comparable to those covered
by WIFI APs [38], making WIFI a good tool to support
traditional CT [39]. Two separate distributions Ψ(s) (see
Fig. 4a) are calculated for time periods with two different
levels of activity restrictions: partial opening and closure
of the University [40] (see Methods).

Both are heterogeneous, as observed in other
datasets [10]. The distribution in the closure period fea-
tures a reduced upper cut-off, due to the restrictions
on activities involving many people, such as in-person
classes. Consistently, the probability of simplices of size
s = 0, 1 (i.e. 0 or 1 individual connected to the AP) is
significantly increased.

The variation in Ψ(s) has a strong impact on the epi-
demic threshold. Assuming that only isolation of symp-
tomatic individuals is active in the partial opening period,
the epidemic threshold increases, due to the closure, by
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FIG. 3. The effects of forward, backward and sideward contact tracing. a We consider Ψ(s) = δ(s− s) and we plot,
as a function of s, the ratio between the epidemic threshold λC when symptomatic isolation and CT are activated and the
epidemic threshold λNAC of the non-adaptive case. We plot curves corresponding to the activation of each CT mechanism alone
and then to the case when they are all active. b For the same Ψ(s) of panel a we plot the ratio λC/λ

NA
C as a function of s

for symptomatic isolation and activating progressively all CT mechanisms. c and d: As in panels a and b, respectively, but
for Ψ(s) ∼ e−βs, with s ∈ [2,∞). e and f: As in panels a and b, respectively, but for Ψ(s) ∼ s−(ν+1) and s ∈ [2, 500]. In
panels c-d and e-f we change the average simplex size 〈s〉, by varying β and ν, respectively, thus changing the tails of the Ψ(s)
distribution. In all panels ε(s) = 0.3 ∀s. All the other parameters are fixed as discussed in the Methods.

a factor

λclosureC

λopeningC

=
〈s(s− 1)〉opening
〈s(s− 1)〉closure

' 2.63, (4)

so that λclosureC /λNAC ' 5.35. This change comes at the
cost of stopping all teaching and most working activities.
CT aims at keeping activities unchanged while still con-
trolling the epidemic; we estimate the effect of the CT
strategies during the partial opening period and compare
the mitigation due to tracing with that due to closure.

Tracing strategies are modelled through different ε(s).
The case ε(s) = θ(s − s∗), with θ(x) the Heaviside
step function, represents a tracing targeted at large sim-
plices, with size s ≥ s∗, while smaller gatherings are
not traced. This strategy is compared with the uniform
tracing adopted in the previous section and with trac-
ing applied only to small simplices, ε(s) = θ(s∗ − s).
In the comparison, we keep constant the resources al-
located for tracing, i.e. the average fraction of traced

nodes ε∗ = 〈ε(s)(s−1)〉
〈s−1〉 (in the uniform case ε(s) = ε∗ ∀s,

while in targeted strategies ε∗ determines the size s∗).
As shown in Fig. 4b, tracing targeted at large simplices
is most effective, since it is sufficient to trace on aver-
age a small fraction of nodes ε∗ to obtain a significant
increase of the threshold. On the contrary, tracing only
small simplices requires almost all gatherings to be traced

to obtain a comparable result. Tracing targeted at large
simplices produces the same effects as University closure
if ε∗ & 0.47 (see Fig. 4b), that is tracing at least all sim-
plices with s ≥ 6, representing 16.1% of simplices with
s ≥ 2. This is a quite demanding goal. However, clo-
sures are measures which may be more drastic than what
strictly needed. For example, the University closure, in-
creasing the threshold to λclosureC /λNAC ' 5.35 is somehow
an overreaction against a variant of SARS-CoV-2 with a
basic reproduction number R0 = λ/λNAC ≈ 4.5 (e.g. a
highly transmissible variant in the presence of additional
mitigation measures such as the use of face masks and
physical distancing) [32, 41–45]. The epidemic can in-
stead be kept under control by allowing a partial opening
of University activities while tracing large gatherings.

As shown in Fig. 4b, for remaining below the threshold
it is enough to trace on average a reasonable fraction of
nodes per simplex ε∗ & 0.27, corresponding to tracing all
simplices with s ≥ 9, which represent only the 6.2% of
simplices with s ≥ 2.

The bottom panels of Fig. 4 describe the different con-
tributions of forward, backward and sideward CT for
the various strategies. Clearly backward tracing provides
the most relevant contribution to the threshold increase.
However, in the strategy targeted at large simplices, a
relevant contribution is also provided by sideward CT,
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FIG. 4. Tracing strategies on empirical University gatherings data. a We plot the distributions Ψ(s) obtained
via WIFI data for the University of Parma during the partial opening and closure periods. The main plot is in log-log
scale, while in the inset the same distributions are plotted in linear scale. b We plot the ratio λC/λ

NA
C as a function of

ε∗ = 〈ε(s)(s−1)〉
〈s−1〉 , where λNAC is the epidemic threshold in the non-adaptive case and λC is the threshold when isolation of

symptomatic individuals and CT are activated. We consider the empirical Ψ(s) during the partial opening period and the
three CT strategies. The three horizontal lines are: the ratio λopeningC /λNAC ≈ 2.04 when only symptomatic individuals are
isolated during the partial opening period (dotted); the value of R0 = λ/λNAC = 4.5 for a variant of SARS-CoV-2 (dashed);
the ratio λclosureC /λNAC ≈ 2.63λopeningC /λNAC ≈ 5.35 when only symptomatic individuals are isolated during the closure period
(dot-dashed). In the inset it is plotted s∗ as a function of ε∗ for the two targeted tracing strategies. c We plot the ratio λC/λ

NA
C

as a function of ε∗ for symptomatic isolation and activating progressively all CT mechanisms, considering Ψ(s) ∼ s−(ν+1), with
s ∈ [2, 200] and ν = 1.5 and implementing a tracing strategy targeted at large simplices. d Same of panel c with the empirical
distribution Ψ(s) during the partial opening and implementing a uniform tracing strategy. e Same of panel d implementing a
tracing strategy targeted at small simplices. f Same of panel d implementing a tracing strategy targeted at large simplices. In
all panels the parameters are fixed as discussed in Methods.

which turns out to be a fundamental ingredient when
large simplices sustain epidemic transmission. Note how-
ever that in the period of partial opening several restric-
tions are still in place (e.g. the maximum capacity of
a classroom is reduced by a factor 4 [40]): this explains
the relatively small cut-off sM ≈ 60 in the Ψ(s) distribu-
tion. For broader distributions with larger cut-off (corre-
sponding to full opening of the University) sideward trac-
ing is expected to provide the dominant contribution, as
shown in Fig. 4c, where we plot the different contribu-
tions to the targeted tracing for a power-law distribution
Ψ(s) ∼ s−(ν+1), with ν = 1.5 and a cut-off sM = 200.

In the SM, we check the stability of the results under
small variations of the parameters for the empirical and
the synthetic distributions. In particular we consider the
case where in the targeted strategy large clusters are not
perfectly identified.

III. DISCUSSION

Tracing potentially infectious people is one of the
fundamental non-pharmaceutical interventions to control
epidemic spreading. This is even more true now, as
in many countries new extensive outbreaks are emerg-
ing due to highly transmissible SARS-CoV-2 variants,
and new restrictions are implemented. In this paper we
have pointed out that tracing all participants in a gather-
ing augments usual backward and forward tracings with
a new dimension, sideward tracing, allowing to detect
transmission events that would be missed otherwise. Our
analysis indicates that this may lead to a large improve-
ment of the efficacy of CT in many situations, especially
if targeted at large simplices, as shown explicitly with
data on real gatherings at a University Campus during
the current pandemic. Our model does not include sev-
eral ingredients that may increase the accuracy of the
description of real systems, such as the presence of immu-
nised people, the different infectivity of symptomatic and
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asymptomatic individuals, the dependence of the proba-
bility of infection on the simplex size, the existence of
delays associated to the tracing process or the different
probability of tracing individuals within the same sim-
plex. Nevertheless, we expect these effects not to change
the overall picture and the relevance of sideward tracing.
Let us also point out that we have considered only the
increase of the epidemic threshold as a measure of CT
efficacy. Another central observable is the prevalence for
values of λ above the transition. For such a quantity we
expect the effect of sideward tracing to be even larger,
given the nonlinear effects due to the presence of more
than one infected individual in a single gathering. Let
us also stress the relevance of the application of our ap-
proach to a specific empirical case, where gatherings are
reconstructed based on connections to a WIFI network.
This type of passively obtained data constitutes a po-
tential trove of information for tracing purposes. Many
large organisations such as universities, schools, compa-
nies, already collect these data for their normal function-
ing. With suitable privacy-preserving protocols to treat
them, they may provide an extremely simple and cheap
way to trace gatherings as a whole and thus add a new
weapon in the battle against disease spreading.

IV. METHODS

A. Mean-field equations and epidemic threshold

The epidemic threshold is obtained from the linearisa-
tion of the evolution equations. For activity-driven mod-
els, the results of the compartmental model are exact
since the random selection of participants in the gather-
ings destroys local correlations. Clearly, in an intrinsi-
cally mean-field model finite size effects could be present,
however vanishing as the number of agents grows. More-
over, in this framework the thresholds for SIR and SIS
models coincide [46]. Therefore we consider the slightly
simpler SIS dynamics and we write down equations for
the temporal evolution (for arbitrary Ψ(s) and ε(s)) of
the probabilities that at time t a node is in each of the epi-
demiological compartments, i.e. S(t), A(t), AT (t), AQ(t),
P (t) and I(t). We obtain a set of coupled non-linear
differential equations which describe the agents activity,
the epidemic spreading and the adaptive behaviour due
to isolation of the symptomatic and CT (see SM for the
equations and their derivation). By varying the control
parameter λ, the model features a transition between a
phase where outbreaks involve only a finite number of in-
dividuals and a phase where they extend to a finite frac-
tion of the population. Linearising around the healthy
phase S = 1, we obtain





∂tP (t) = −γPP (t) + λδa〈s(s− 1)〉[A(t) +AT (t) + P (t)]
∂tI(t) = −µII(t) + γPP (t)
∂tA(t) = −µA(t) + λ(1− δ)a〈s(s− 1)〉[A(t) +AT (t) + P (t)]

−CForward − CBackward − CSideward
∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward

∂tAQ(t) = −µAQ(t) + γPAT (t)

(5)

where

CForward = λ(1− δ)a〈ε(s)s(s− 1)〉P (t), (6)

CBackward = a〈ε(s)s
[
1− (1− λδ)s−1

]
〉A(t), (7)

while CSideward is given by Eq. (3). In Eq. (6) a is the
simplex activation rate, the probability to take part to
the simplex for the susceptible node is proportional to s
and, in the linearised regime, the probability that among
the remaining (s − 1) nodes there is a presymptomatic
node is (s − 1)P (t). The asymptomatic infection occurs
with probability λ(1− δ), ε(s) is the probability to trace
the simplex and the term is averaged over simplex size.
In Eq. (7) a is the simplex activation rate, the probability
to take part to the simplex for the asymptomatic node A
is proportional to s and

[
1− (1− λδ)(s−1)

]
is the proba-

bility that at least one of the remaining (s − 1) nodes is
infected and symptomatic. Again ε(s) is the probability
that the simplex is traced and the term is averaged over
simplex size.

The solution S = 1 becomes unstable for λ above the
threshold λC , which can be calculated from the largest
eigenvalue of the Jacobian Matrix associated to Eq. (5).

It can be determined analytically (in some specific cases)
and numerically (in general). See SM for the detailed
derivations.

B. Model parameters

Throughout the paper the parameter values are, un-
less specified otherwise, tailored to describe the SARS-
CoV-2 diffusion. The probability for an individual to
develop symptoms is δ = 0.57 [47]. The average time for
the appearance of symptoms, i.e. the average time after
which a presymptomatic individual spontaneously devel-
ops symptoms, is τP = 1/γP = 1.5 days [41, 48]. The
average recovery time is τ = 1/µ = 14 days [32, 49]. In
order to implement all CT mechanisms, we assume con-
tacts are reconstructed over TCT = τ = 14 days, so that it
is possible to track nodes infected by the index case in its
presymptomatic phase (forward CT), the source of infec-
tion of the index case (backward CT) and all other infec-
tions occurred in simplicial interactions (sideward CT).
The average number of daily contacts per individual is
fixed to n = 14 [33, 50]. Notice that with these real-
istic values of the parameters, R0 ≈ 4.5 corresponds to
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FIG. 5. WIFI data for gatherings at University of Parma. a Map of the University of Parma Campus, called ”Parco
Area delle Scienze”, where scientific departments are located with facilities for teaching and research activities (classrooms,
laboratories, study spaces and libraries). The map highlights schematically the buildings where the gatherings are recorded
through WIFI access points data. b Plot of the temporal dependence of the number of users connected to WIFI from 05th April
2021 to 30th April 2021. On Saturdays and Sundays the accesses were minimal, as well as on 05th April 2021 being Easter
Monday (public holiday in Italy). A rapid increase in the number of users occurred in the morning, followed by a reduction in
connections at lunchtime, a resumption in the afternoon and a dramatic decrease in the evening. The plot covers both partial
opening and closure periods due to COVID-19 containment measures: from 05th April to 18th April (closure period) attendance
was low, while from 19th April to 30th April (partial opening period) it increased significantly.

λ ≈ 0.02. This implies that even in the largest gather-
ing that we consider of about hundreds of nodes, at most
only 10-20 individuals can be infected.

C. WIFI data: preprocessing and main properties

Like many universities, the University of Parma has
covered its buildings with a single WIFI network (see
Fig. 5a), enabling users to establish more than 10000 ses-
sions a day. All sessions data from the login management
system are collected by the ”ICT services” office of Parma
University. The login management system manages all

wireless access points (APs) and all users’ requests for
connection to the internet with their registered device.
University WIFI users are all people with institutional
account (students, professors, researchers and staff) and
all people from other European Universities with an ac-
count for the EDUROAM network. It is possible to create
temporary accounts for external guests.

The dataset refers to a sample of 713 wireless ac-
cess points, about 10000 daily connections and spans six
months, starting on 10th December 2020 and ending on
09th May 2021. During this period, due to the COVID-
19 pandemic restrictions, we can distinguish two different
phases: a closure phase and a partial opening phase [40].
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• Closure phase. During this phase, the access to
all University buildings was allowed only to autho-
rised staff, professors, researchers and students only
to participate in laboratory activities. All lectures
were offered remotely on video-conferencing plat-
forms. This phase spans the period from 10th De-
cember 2020 to 21st February 2021 and from 15th
March 2021 to 18th April 2021. In this period the
number of users is 7138;

• Partial opening phase. During this phase, the
access to University buildings was extended to first
year students attending in-person classes (about
25% students enrolled in the degree courses) while
the lectures of all others students were offered re-
motely on video-conferencing platforms. Libraries
and study spaces reopened with a reduction of
rooms’ maximum capacity and mandatory reserva-
tion. This phase spans the period from 22nd Febru-
ary 2021 to 14th March 2021 and from 19th April
2021 to 09th May 2021. In this period the number
of users is 7835;

We provided the ”ICT services” office with a script that
extracts from the login management system the anon-
imysed aggregated data on the attendance at the Univer-
sity and its temporal dynamics (see SM). In Fig. 5b we
plot the number of people present at the University as a
function of time. Data show the reliability of the mea-
sure: the closure period up to the 18th of April and the
following days of partial opening are clearly distinct on
the plot; in the week-ends and on public holidays (April
5th) attendance is limited; during night hours connec-
tions are nearly absent and we also observe the effect of
lunch breaks. The attendance estimated via WIFI data
underestimates the true number of people simultaneously
present, since not all individuals connect to the WIFI
network. A reasonable estimate is that the number of
people actually present is roughly twice as large. This
assessment is based on the comparison of WIFI data with
the number of seat reservations in classrooms and study
rooms made by students (mandatory for University regu-
lations [40]) and with the number of attending professors,
researchers and university staff, as revealed by data from
their personal badges.

D. Empirical simplex size distribution from WIFI
data

From the WIFI dataset of the University of Parma, we
extract two different simplex size distributions: one for
the closure phase and one for the partial opening phase.
To control the signal noise of day-to-day random varia-

tions, we take the entire dataset and remove public holi-
days, weekends and the night time data (from 8:00 p.m.
to 7:00 a.m.). We define as a simplex of size s a group
of s users connected to the same AP for at least 15 min-
utes (the same time used in contact tracing apps to con-
sider a contact epidemiologically significant and at high-
risk [37]). For both phases, we reconstruct all connection
sessions of all users, their location and their duration from
the WIFI log file. It is possible that some connections are
interrupted for various technical reasons (such as weak
signal or the user’s device going in standby): to control
for these effects, if a user connects twice to the same AP
and the time lag ∆t between the two sessions is smaller
than 5 minutes, we consider it as a single connection. To
obtain all simplices activated inside the University we fo-
cus on connections to a given AP. We split working hours
(from 7:00 a.m. to 8:00 p.m.) into 15 minutes intervals
and for each interval we find the number of users that
remained connected to the same AP for the full time in-
terval: this number corresponds to the simplex size. This
operation is repeated for every working day and for each
AP. These data, separated for the two periods, determine
the empirical simplex size distributions (Fig. 4a).
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L. J. & Hébert-Dufresne, L., 2021 Social confine-
ment and mesoscopic localization of epidemics on
networks. Phys. Rev. Lett. 126, 098301. (doi:

10.1103/PhysRevLett.126.098301).
[19] Fraser, C., Riley, S., Anderson, R. M. & Ferguson, N. M.,

2004 Factors that make an infectious disease outbreak
controllable. Proc. Natl. Acad. Sci. U.S.A. 101, 6146–
6151. (doi:10.1073/pnas.0307506101).

[20] Thompson, R. N., Gilligan, C. A. & Cunniffe, N. J., 2016
Detecting presymptomatic infection is necessary to fore-
cast major epidemics in the earliest stages of infectious
disease outbreaks. PLOS Comput. Biol. 12, 1–18. (doi:
10.1371/journal.pcbi.1004836).

[21] Pinotti, F., Di Domenico, L., Ortega, E., Mancastroppa,
M., Pullano, G., Valdano, E., Boëlle, P.-Y., Poletto, C. &
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In this Supplementary Material we present the detailed derivation of the mean-field equations for an epidemic
process on adaptive simplicial activity-driven networks, in the presence of contact tracing (CT) within simplices. We
present the evaluation of the epidemic threshold and we discuss in detail the stability of the results with respect to the
model parameters. We also investigate the effects of a fraction of large simplices which are not traced in the targeted
CT strategy, due to realistic errors in CT. Finally, we describe in detail the WIFI data and their analysis.

I. Supplementary Method 1: Mean-field equations and derivation of the epidemic
threshold

We consider the epidemic model proposed in the main text, evolving on an adaptive activity-driven network in the
presence of simplicial interactions. The containment measures are implemented as contact tracing of asymptomatic
nodes with its forward, backward and sideward implementations. The epidemic model proposed is a Susceptible-
Infected-Recovered (SIR) model, with further distinctions for the stage of the infection. The distinctions are based
on the presence of symptoms (P - infected presymptomatic, I - infected symptomatic, A - infected asymptomatic),
on tracing and isolation (AT - asymptomatic traced and AQ - asymptomatic quarantined) and they model changes in
social behaviour depending on nodes’ health status. We do not consider here memory [1] nor burstiness effects in the
dynamics [2]. The allowed transitions among these states are shown in Supplementary Fig. 1, which coincides with
Fig. 1b of the main text and which we reproduce here for simplicity.

The infection and CT events are discussed in the main text, together with the CT mechanisms. An infection can be
symptomatic with probability δ or asymptomatic with probability (1 − δ). We consider the manual implementation
of CT [3]: the tracing is performed on the whole simplex in which the symptomatic individual participated, tracing
all nodes engaged in the gathering, and the tracing is effective with probability ε(s), with s the simplex size.
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Supplementary Fig. 1. Epidemic model with contact tracing. We plot the scheme of the compartmental epidemic model
together with the transitions for CT. The rates for the infection events and for the CT mechanisms are not indicated here but
they are detailed in the text.

The infection and tracing transitions are described below by considering the necessary and sufficient (minimum)
conditions for them to happen in a simplex.

P + S
λδ−→ P + P (1)

P + S
λ(1−δ)ε−−−−−→ P +AT (2)

P + S
λ(1−δ)(1−ε)−−−−−−−−→ P +A (3)

A susceptible node S can be infected by a presymptomatic node P : if the infection is symptomatic the susceptible
node becomes presymptomatic P (Eq. (1)); if the infection is asymptomatic, the contagion can be traced by forward
CT activated by the infector P and the susceptible node becomes traced asymptomatic AT (Eq. (2)), otherwise if the
simplex is not traced the susceptible node becomes asymptomatic A (Eq. (3)).

A+ S
λδε−−→ AT + P (4)

A+ S
λδ(1−ε)−−−−−→ A+ P (5)

AT + S
λδ−→ AT + P (6)

A susceptible node S can be infected by an asymptomatic A (or traced asymptomatic AT ) node with symptomatic
infection and thus becomes presymptomatic P . The asymptomatic infector can be traced by backward CT, activated
by the newly infected P , becoming traced asymptomatic AT (Eq. (4)), otherwise if the simplex is not traced the
infector does not change status (Eq. (5)). In principle also a traced asymptomatic infector can be traced with
backward CT but this has actually no consequences (Eq. (6)). In the event of Eq. (4) both individuals change state.

A+ S
λ(1−δ)ε−−−−−→ A+AT if in the same simplex exists A+ S

λδ−→ A+ P (7)

A+ S
λ(1−δ)(1−ε)−−−−−−−−→ A+A if in the same simplex exists A+ S

λδ−→ A+ P (8)

A+ S
λ(1−δ)−−−−→ A+A otherwise (9)

AT + S
λ(1−δ)ε−−−−−→ AT +AT if in the same simplex exists AT + S

λδ−→ AT + P (10)

AT + S
λ(1−δ)(1−ε)−−−−−−−−→ AT +A if in the same simplex exists AT + S

λδ−→ AT + P (11)

AT + S
λ(1−δ)−−−−→ AT +A otherwise (12)
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A susceptible node S can be infected by an asymptomatic A (or traced asymptomatic AT ) node with asymptomatic
infection. If in the same simplex at least a symptomatic infection occurs, CT can be activated on the simplex by
the newly infected P . The asymptomatic contagion can be traced by sideward CT and the susceptible node becomes
traced asymptomatic AT (Eqs. (7)-(10)), otherwise the susceptible node becomes infected asymptomatic A if the
simplex is not traced (Eqs. (8)-(11)) or if no symptomatic infections occur in the same simplex (Eqs. (9)-(12)). In
the events of Eqs. (10)-(11) the infector AT can be in principle traced with backward CT but this has actually no
consequences; in the events of Eqs. (7)-(8) the infector A can also be traced with backward tracing as indicated in
Eqs. (4)-(5).

Finally, the spontaneous transitions are:

P
γP−−→ I A

µ−→ R I
µI−→ R (13)

AT
γP−−→ AQ AT

µ−→ R AQ
µ−→ R (14)

which account for spontaneous recovery, spontaneous symptoms development and isolation of traced individuals.
We apply a mean-field approach, which is exact since local correlations are continuously destroyed because of

link reshuffling. Therefore, the epidemic thresholds of the SIR and SIS (Susceptible-Infected-Susceptible) models
coincide [1]. This allows us to determine the threshold by considering the mean-field equations for the SIS version of
the dynamics.

We consider the probability for a node to belong to a compartment of the epidemic model shown in Supplementary
Fig. 1 and we derive the equations for the temporal evolution of the probabilities, taking into account the network
dynamics, the epidemic process and the CT dynamics. At the mean-field level, the epidemic dynamics is described
by the probabilities:

• P (t) for a node to be infected presymptomatic at time t;

• I(t) for a node to be infected symptomatic at time t;

• A(t) for a node to be infected asymptomatic at time t;

• AT (t) for a node to be asymptomatic traced at time t;

• AQ(t) for a node to be asymptomatic isolated at time t;

• S(t) = 1− P (t)− I(t)−A(t)−AT (t)−AQ(t) for a node to be susceptible at time t.

The network evolves as follows: simplices activate with a Poissonian dynamics with activation rate a and at each
activation their size is drawn from the distribution Ψ(s). Nodes are assigned with an attractiveness parameter bi,
which tunes the propensity of an individual to engage social interactions: thus nodes participate in active simplices
with probability pbi ∝ bi [3–5]. We consider all nodes with the same attractiveness (bS = b) when susceptible,
so they participate equally in active simplices. Presymptomatic, asymptomatic and traced asymptomatic, behave
as if they were susceptible (bP = bA = bAT

= bS = b), while symptomatic and quarantined asymptomatic are
isolated and do not participate in simplices (bI = bAQ

= 0). In this case the average attractiveness at time t is

b(t) = b(S(t) + P (t) + A(t) + AT (t)). We consider the thermodynamic limit. The probability P (t) that a node is in
the presymptomatic state evolves according to the following equation:

∂tP (t) = −γPP (t) +

∫
dsΨ(s)asPS(t)Zs(t)δ (15)

where the first term on the right hand side accounts for symptoms development and the second term accounts for
contagion processes. In particular, the latter is given by the product of the activation rate a of a simplex of size s,
the probability sPS(t) that one susceptible node participates in it, the probability Zs(t) that at least one of the other
(s − 1) nodes infects the susceptible one and the probability δ that the infection is symptomatic. Both terms are
averaged over the size of the simplex

∫
dsΨ(s).

Let us denote as PX(t) the probability that a node in an active simplex belongs to the compartment X. Thus, by
definition:

PX(t) = X(t)
bX

b(t)
(16)

Therefore PI(t) = PAQ
(t) = 0∀t and PX(t) = X(t)

S(t)+P (t)+A(t)+AT (t) for X = S, P,A,AT .
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The probability Zs(t) that at least one of the other (s− 1) nodes of the simplex infects the susceptible one is

Zs(t) = 1− ξ(t)s−1 (17)

where ξ(t) is the probability that a node in the simplex does not infect the susceptible one. This quantity can be
written as

ξ(t) = PS(t) + (1− λ)[PP (t) + PA(t) + PAT
(t)] = 1− λ P (t) +A(t) +AT (t)

S(t) + P (t) +A(t) +AT (t)
(18)

Thus the complete equation for the evolution of P (t) is:

∂tP (t) = −γPP (t) + a
S(t)

S(t) + P (t) +A(t) +AT (t)
δ

〈
s

[
1−

(
1− λ P (t) +A(t) +AT (t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉
(19)

where we indicate with 〈f(s)〉 =
∫
dsΨ(s)f(s): the first term on the right hand side accounts for spontaneous recovery

and the second term for symptomatic infections in simplices.
The equation for the probability I(t) that a node is in the symptomatic infected state is trivially

∂tI(t) = −µII(t) + γPP (t) (20)

where the first term on the right hand side accounts for spontaneous recovery and the second term for spontaneous
symptoms development.

The equation for the probability A(t) to be in the asymptomatic (untraced, nonquarantined) state is the most
complex:

∂tA(t) = −µA(t) +

∫
dsΨ(s)asPS(t)Zs(t)(1− δ)

−
∫
dsΨ(s)CForwards (t)

−
∫
dsΨ(s)CBackwards (t)

−
∫
dsΨ(s)CSidewards (t).

(21)

The first term on right hand side accounts for spontaneous recovery; the second term accounts for contagion processes;
the third, fourth and fifth terms account respectively for forward, backward and sideward CT. All terms are averaged
over the size of the simplex

∫
dsΨ(s). The infection term accounts for the activation a of a simplex of size s, the

probability that one susceptible node participates in it sPS(t) and that at least one of the other (s− 1) nodes infects
the susceptible one Zs(t) with an asymptomatic infection (1− δ). Its evaluation is analogous to the one described for
P (t). Hereafter we evaluate separately each CT term CL =

∫
dsΨ(s)CLs (t), with L = Forward,Backward, Sideward.

A. Forward CT

CForward =

∫
dsΨ(s)asPS(t)ε(s)(1− δ)Fs(t) (22)

The forward CT, described in details in the main text, traces an asymptomatic individual infected by a presymptomatic
node which will develop symptoms and activate CT. Thus, the forward CT term accounts for the activation a of a
simplex of size s, for the probability sPS(t) that a susceptible node participates in the simplex and the probability
Fs(t) that at least one of the other (s− 1) nodes is a presymptomatic node P which infects the susceptible one with
an asymptomatic infection (1− δ). The simplex is traced with probability ε(s).

Fs(t) = 1− k(t)s−1 (23)
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is the probability that at least one of the other (s− 1) nodes is presymptomatic and infects the susceptible one and
thus k(t) is the probability that a node in the simplex is not P or if he/she is presymptomatic he/she does not infect
the susceptible node.

k(t) = PS(t) + PA(t) + PAT
(t) + (1− λ)PP (t) = 1− λ P (t)

S(t) + P (t) +A(t) +AT (t)
(24)

Thus, we obtain:

CForward = a
S(t)

S(t) + P (t) +A(t) +AT (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λ P (t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉
(25)

B. Backward CT

CBackward =

∫
dsΨ(s)asPA(t)ε(s)Ws(t) (26)

The backward CT, described in details in the main text, traces an asymptomatic individual who infects a susceptible
node producing a symptomatic infection. Thus, the backward CT term accounts for the activation a of a simplex of
size s, for the probability sPA(t) that an asymptomatic node participates in the simplex and the probability Ws(t)
that at least one of the other (s − 1) nodes is a susceptible node which is infected by the asymptomatic one with a
symptomatic infection. The simplex is traced with probability ε(s).

Ws(t) = 1− φ(t)s−1 (27)

is the probability that at least one of the other (s−1) nodes is a susceptible node which is infected by the asymptomatic
one with a symptomatic infection and thus φ(t) is the probability that a node in the simplex is not a susceptible node
infected with presymptomatic infection.

φ(t) = PP (t) + PA(t) + PAT
(t) + (1− λ)PS(t) + λ(1− δ)PS(t) = 1− λδ S(t)

S(t) + P (t) +A(t) +AT (t)
(28)

Thus, we obtain:

CBackward = a
A(t)

S(t) + P (t) +A(t) +AT (t)

〈
ε(s)s

[
1−

(
1− λδ S(t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉
(29)

C. Sideward CT

CSideward =

∫
dsΨ(s)asPS(t)(1− δ)Hs(t)ε(s)Ks(t) (30)

The sideward CT, described in details in the main text, traces an asymptomatic individual who is infected by an
asymptomatic (or traced asymptomatic) if in the same simplex also another susceptible node is infected with a
symptomatic infection and then will activate CT. Thus, the sideward CT term contains the activation a of a simplex
of size s, the probability sPS(t) that a susceptible node participates in the simplex, the probability Hs(t) that at least
one of the other (s−1) nodes is infected asymptomatic (or traced asymptomatic) and infects the susceptible one with
an asymptomatic infection (1− δ), the probability Ks(t) that among the remaining (s− 2) nodes at least one of them
is a susceptible node infected in the simplex with a symptomatic infection. The simplex is traced with probability
ε(s). Analogously to the cases of forward and backward CT:

Hs(t) = 1− h(t)s−1 (31)
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where h(t) is the probability for a node of the simplex not to infect the susceptible node unless he/she is P .

h(t) = PS(t) + (1− λ)(PA(t) + PAT
(t)) + PP (t) = 1− λ A(t) +AT (t)

S(t) + P (t) +A(t) +AT (t)
(32)

Analogously

Ks(t) = 1− φ(t)s−2 (33)

where φ(t) is given by Eq. (28).
Thus, we obtain:

CSideward = a
S(t)

S(t) + Y (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λA(t) +AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉
(34)

where Y (t) = P (t) +A(t) +AT (t).

The complete equation for the evolution of A(t) is:

∂tA(t) =− µA(t) + a
S(t)

S(t) + P (t) +A(t) +AT (t)
(1− δ)

〈
s

[
1−

(
1− λ P (t) +A(t) +AT (t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉

−a S(t)

S(t) + P (t) +A(t) +AT (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λ P (t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉

−a A(t)

S(t) + P (t) +A(t) +AT (t)

〈
ε(s)s

[
1−

(
1− λδ S(t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉

−a S(t)

S(t) + Y (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λA(t) +AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉

(35)

where the first term on the right hand side accounts for spontaneous recovery, the second term for asymptomatic
infections in simplices and the third, fourth and fifth terms account respectively for forward, backward and sideward
CT.

The equation for the probability AT (t) to be in the asymptomatic traced state is

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (36)

Thus substituting:

∂tAT (t) =− (µ+ γP )AT (t) + a
S(t)

S(t) + P (t) +A(t) +AT (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λ P (t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉

+a
A(t)

S(t) + P (t) +A(t) +AT (t)

〈
ε(s)s

[
1−

(
1− λδ S(t)

S(t) + P (t) +A(t) +AT (t)

)s−1]〉

+a
S(t)

S(t) + Y (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λA(t) +AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉

(37)
where the first term on the right hand side accounts for spontaneous recovery and for isolation of traced asymptomatic,
the second, third and fourth terms account respectively for forward, backward and sideward CT.

Finally, the equation for the probability AQ(t) to be in the asymptomatic quarantined state is

∂tAQ(t) = −µAQ(t) + γPAT (t) (38)

where the first term on right hand side accounts for spontaneous recovery and the second term for isolation of traced
asymptomatic nodes.
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Overall, we obtain a set of 5 coupled differential non-linear equations:

∂tP (t) = −γPP (t) + a
S(t)

S(t) + Y (t)
δ

〈
s

[
1−

(
1− λ Y (t)

S(t) + Y (t)

)s−1]〉
(39)

∂tI(t) = −µII(t) + γPP (t) (40)

∂tA(t) = −µA(t) + a
S(t)

S(t) + Y (t)
(1− δ)

〈
s

[
1−

(
1− λ Y (t)

S(t) + Y (t)

)s−1]〉

− CForward − CBackward − CSideward

(41)

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (42)

∂tAQ(t) = −µAQ(t) + γPAT (t) (43)

with

CForward = a
S(t)

S(t) + Y (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λ P (t)

S(t) + Y (t)

)s−1]〉
(44)

CBackward = a
A(t)

S(t) + Y (t)

〈
ε(s)s

[
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−1]〉
(45)

CSideward = a
S(t)

S(t) + Y (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λA(t) +AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉
(46)

where S(t) = 1− P (t)− I(t)−A(t)−AT (t)−AQ(t) and Y (t) = P (t) +A(t) +AT (t).
This set of equations admits as a stationary state the absorbing state, a configuration where all the population is

susceptible. To obtain the condition for the stability of the absorbing state, i.e. the epidemic threshold, we apply
a linear stability analysis around the absorbing state. We consider λ as the control parameter and the epidemic
threshold is λC .

We neglect the second order terms in probabilities and we obtain a linearized set of 5 differential equations:

∂tP (t) = −γPP (t) + λδa〈s(s− 1)〉[P (t) +A(t) +AT (t)] (47)

∂tI(t) = −µII(t) + γPP (t) (48)

∂tA(t) = −µA(t) + λ(1− δ)a〈s(s− 1)〉[P (t) +A(t) +AT (t)]

− CForward − CBackward − CSideward
(49)

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (50)

∂tAQ(t) = −µAQ(t) + γPAT (t) (51)

where the linearized CT terms:

CForward = λ(1− δ)a〈ε(s)s(s− 1)〉P (t) (52)

CBackward = a
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
A(t) (53)

CSideward = λ(1− δ)a
〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
[A(t) +AT (t)] (54)

The quantity n = a〈s(s− 1)〉 is the average number of links established by an individual per unit of time. We will
consider this quantity as a constant. Making the dependence on n explicit, the linearized equations read:

∂tP (t) = −γPP (t) + λδn[P (t) +A(t) +AT (t)] (55)

∂tI(t) = −µII(t) + γPP (t) (56)

∂tA(t) = −µA(t) + λ(1− δ)n[P (t) +A(t) +AT (t)]

− CForward − CBackward − CSideward
(57)

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (58)

∂tAQ(t) = −µAQ(t) + γPAT (t) (59)
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where the linearized CT terms are:

CForward = λ(1− δ)n 〈ε(s)s(s− 1)〉
〈s(s− 1)〉 P (t) (60)

CBackward =
n

〈s(s− 1)〉
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
A(t) (61)

CSideward = λ(1− δ) n

〈s(s− 1)〉
〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
[A(t) +AT (t)] (62)

The set of linearized equations can be written as:




∂tAQ(t)
∂tI(t)
∂tP (t)
∂tA(t)
∂tAT (t)


 = J




AQ(t)
I(t)
P (t)
A(t)
AT (t)


 (63)

where J , the Jacobian matrix of this set of 5 linearized equations, is:

J =




−µ 0 0 0 γP
0 −µI γP 0 0
0 0 −γP + β β β

0 0 ∆
(

1− 〈ε(s)s(s−1)〉〈s(s−1)〉

)
−µ+ ∆− Γ− Φ ∆− Φ

0 0 ∆ 〈ε(s)s(s−1)〉〈s(s−1)〉 +Γ + Φ −µ− γP + Φ




=

[
A(2x2) C(2x3)
O(3x2) B(3x3)

]
(64)

where Φ = λ(1 − δ) n
〈s(s−1)〉

〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
, Γ = n

〈s(s−1)〉
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
, β = λδn and

∆ = λ(1− δ)n.

The condition for the stability of the absorbing state is obtained by imposing all eigenvalues of J to be negative.
The Jacobian matrix is a block matrix and hence we can consider separately the two blocks on the diagonal: for the
first block A it is evident that the eigenvalues, ξ1 = −µ, ξ2 = −µI , are all negative. Therefore, it is sufficient to study
block B, which is a 3x3 matrix. The epidemic threshold is therefore obtained by numerically diagonalizing the matrix
B and imposing all its eigenvalues to be negative.

D. Limit cases

The mean-field equations and the epidemic threshold are obtained for arbitrary Ψ(s) and for completely general
ε(s): this allows to introduce complicated effects, such as heterogeneity in simplices size and CT strategies on classes
of simplices.

Due to the complicated structure of the conditions for the stability, it is possible to derive the epidemic threshold
λC only by solving the stability conditions numerically. However, there are some limit cases in which the equations
are considerably simplified, allowing to obtain the epidemic threshold in an explicit analytic form.

Note that the epidemic threshold λC is still finite even if ε(s) = 1 ∀s, due to the presymptomatic infections and to
the delay in isolation of traced nodes.

1. Non-adaptive case (NA)

Here we consider the non-adaptive case, in which no adaptive behaviour is implemented, i.e. infected nodes behave
as if they were susceptible bI = bS = b. Thus, in this case ε(s) = 0, ∀s and γP /µ = 1. Considering these values we
obtain the following equation for the critical condition:

−µ+ λa〈s(s− 1)〉 = 0

So we obtain an explicit form for the epidemic threshold λC in the non-adaptive case:
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λNAC =
µ

a〈s(s− 1)〉 =
µ

n
(65)

which is Eq. (1) in the main paper. It reproduces the results previously obtained in Ref. [6] and for only pairwise
interactions Ψ(s) = δ(s− 2) it reproduces the results previously obtained in Refs. [3–5].

2. Isolation of only symptomatic nodes

Here we consider the case in which only symptomatic nodes are isolated as soon as they develop symptoms, i.e. no
CT is implemented. Thus, in this case ε(s) = 0, ∀s, while bI = 0. Considering these values we obtain the following
equation for the critical condition:

−γPµ+ λn(δµ+ (1− δ)γP ) = 0

So we obtain an explicit form for the epidemic threshold λC :

λsymptoC = λNAC

γP
µ

δ + (1− δ)γPµ
(66)

which is Eq. (2) in the main paper. For pairwise interactions Ψ(s) = δ(s − 2) it reproduces the results previously
obtained in Ref. [3], and for γP /µ = 1 it reproduces the NA case (Eq. (65)).

3. Homogeneous case

Here we consider the case in which the size of simplices is homogeneous, i.e. Ψ(s) = δ(s − s), with constant
probability for a simplex to be traced with CT, i.e. ε(s) = ε.

If we consider s = 2, that is only pairwise interactions, we obtain a quadratic equation in λ for the critical condition:

λ2

µ2
n2δ2ε+

λ

µ
n

(
δ + (1− δ − δε)γP

µ

)
− γP

µ
= 0

The equation can be solved and we obtain:

λs=2
C = λNAC

2γPµ

δ + (1− δ − εδ)γPµ +
√

(δ + (1− δ − εδ)γPµ )2 + 4δ2εγPµ

(67)

which reproduces the results obtained in Ref. [3].
If we consider s → ∞, which means to consider only the activation of simplices in which all nodes participate, we

obtain a linear equation in λ:

λ[δµn(γP + µ) + nγP (1− δ)(µ+ γP (1− ε))]− γPµ(µ+ γP ) = 0

The equation can be solved and we obtain:

λs→∞C = λNAC

γP
µ (γP + µ)

δ(γP + µ) + γP (1− δ)(1 + γP
µ (1− ε)) (68)

The maximum epidemic threshold λmaxC is obtained for s→∞ and ε = 1: indeed, in that case all nodes are traced
at their infection, both if infected by A or AT , through sideward CT, and if infected by P , through forward CT. In
this case the epidemic threshold is still finite since isolation of traced individuals occurs with a delay τP and because
of the presymptomatic infection:

λmaxC = λNAC

γP
µ (γP + µ)

γP + δµ
(69)
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II. Supplementary Method 2: WIFI data for the University of Parma

Passive WIFI data require preprocessing before any data analysis and, in particular, to obtain the empirical dis-
tributions Ψ(s) used in the main text. The staff of the ”ICT services” office (ICTS) of Parma University extracts a
tabular file (called log file) from the login management system every day containing all daily connections to the WIFI
networks installed in all university buildings. The login management system writes a line to the log file whenever a
network connection begins or ends. Each line contains user information, device information and session information.
To reconstruct all user connections from the log file, the following attributes are used:

• Username: user’s email address;

• Type of user: this attribute allows us to distinguish the users in students, structured staff and external guests;

• Calling device ID: MAC address of the device to distinguish all user’s devices;

• Device type: this attribute distinguishes the type of user’s devices (computers, smartphones or tablets);

• Called station ID: MAC address of the access point (AP) to which the device asks to connect;

• Status type: this attribute indicates whether this accounting request marks the beginning of the user service
(Start) or the end (Stop);

• Date-time: this attribute represents the day and the time for this accounting request;

• Session ID: this attribute is a unique accounting ID to make it easy to match start and stop record in a log
file.

Privacy-preservation Mechanisms. Due to the European regulation on privacy (GDPR) we cannot use directly
the log files as they contain personal data. We conducted a Data Protection Impact Assessment in order to fulfill
data minimization principles and be compliant with the latest Regulation on Privacy and Electronic Communications.
Accordingly, we developed a procedure (script) to be run within the ICTS domain that completely anonymizes the
data and compute the aggregated quantities described in the paper:

1. the script removes all the personal data, such as name and device information, and implements a script which
replaces the personal data with random 16-digit hexadecimal strings (pseudo-anonymizing the data). In order
for the data to be consistent after being pseudo-anonymized, all correlations between attributes for all lines
in log file are maintained. Every time a new personal data is replaced with a random string, ICTS saves the
correspondence personal data-string into keys files and uses it every time that sensitive data is found. The seed
for random string generation is changed every 24-hours.

2. in the dataset some connections are interrupted for short times due to various reason (such as weak signal or
user’s device in standby). Hence, if two or more consecutive connections of a single user to the same APs are
present and the interval time τ between them is less then 5 minutes, a single connection is considered with start
at the first connection and stop at the last one.

3. the script computes the number of devices s connected to a given AP for each 15 minutes. Devices must remain
connected to the AP for the whole time. We call s the cluster size at the corresponding AP at a given time
interval.

4. the ICTS script provides two measures of aggregated quantities, which are the only data we can access directly:

• Presences: the total number of individual connected to the University WIFI during each 15 minutes interval.

• Group Size Statistic: the total number of 15 minutes clusters of a given size s present in the whole University
during each day of observation.

5. All temporary data are deleted after 24 hours and only the above measures are retained.

The data of the presences in the University Campus has been plotted in Fig. 5b of the main text. The daily group
size distribution has been used to obtain the distributions Ψ(s) in Fig. 4a of the main text.
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Supplementary Fig. 2. Effects of the fraction of symptomatic infections. a By considering Ψ(s) = δ(s− s), we plot the
ratio between the epidemic thresholds λs→∞C and λs=2

C as a function of ε∗ = ε, for several fixed δ values. The vertical dashed
lines indicate the εC value for each δ > 1/2 value considered. b For the same Ψ(s) of panel a, we plot the ratio λC/λ

NA
C as

a function of s for symptomatic isolation and activating progressively all CT mechanisms, showing their relative contribution
to the epidemic threshold when all are active. In this case δ = 0.3 and ε = 0.6. c Same of panel b with δ = 0.7. d-e Same of
panels b-c with Ψ(s) ∼ s−(ν+1), s ∈ [2, 500] and ε(s) = ε∗ = 0.6∀s. In all panels the other parameters are fixed as discussed in
the Methods of the main text.

III. Supplementary Note 1: Effects of the fraction of symptomatic individuals

Our model allows to study how the CT mechanisms depend on the parameters of the epidemics. In particular
we show that the fraction of symptomatic infections δ, i.e. the fraction of individuals who develop symptoms,
has a relevant effect on the relative contribution of the CT mechanisms. First, the presence of a high fraction of
symptomatic individuals induces an increase in the contribution of forward CT, since it traces infections produced by
presymptomatic individuals. Moreover, the value of δ has an impact on the contribution of backward and sideward
CT. This is evident by considering the homogeneous case Ψ(s) = δ(s−s) and comparing the s = 2 case, where sideward
tracing is absent, with the s → ∞ system, where sideward tracing dominates. By considering Eqs. (67)-(68), it can
be shown that for δ < 1/2 we have:

λs=2
C < λs→∞C (70)

Indeed for infectious diseases with a high rate of asymptomatics [7] (such as COVID-19 and its variants [8]) sideward
tracing becomes considerably more effective than backward tracing and CT typically occurs on large simplices.

Instead, by considering Eqs. (67)-(68) for δ > 1/2 we have:
{
λs=2
C ≥ λs→∞C if ε ≤ εC
λs=2
C < λs→∞C if ε > εC

(71)

with

εC =
(γP + µ)(1− 2δ)

(1− 2δ)γP − δµ
(72)
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Supplementary Fig. 3. Role of the recovery rate. a We plot the ratio λC/λ
NA
C as a function of ε∗ for symptomatic isolation

and activating progressively all CT mechanisms, showing their relative contribution to the epidemic threshold when they all
are active, considering the empirical Ψ(s) during the partial opening phase and implementing a tracing strategy targeted at

large simplices ε(s) = θ(s− s∗). b Same as panel a with Ψ(s) ∼ s−(ν+1), s ∈ [2, 200] and ν = 1.5. In all panels τ = 8 days and
the other parameters are fixed as discussed in the Methods of the main text.

In this case, for small ε < εC the backward CT dominates due to the high fraction of symptomatics, while if ε > εC ,
sideward tracing is more effective. The behavior of λs→∞C and λs=2

C as a function of ε and δ is summarized in
Supplementary Fig. 2a. Note that for δ larger than 1/2 sideward tracing on large simplices becomes dominant only
for extremely large values of ε, since εC increases rapidly with δ and εC ∼ 1.

In Supplementary Fig. 2b-c, again in the case with a single cluster size s, we plot the gain in the critical infection
probability λC/λ

NA
C as a function of s and we show the contribution of the different tracing mechanisms. For small

δ < 1/2 (many asymptomatic infections) tracing is more effective at large cluster sizes and the most relevant mechanism
is the sideward CT, while for large δ > 1/2 (many symptomatic infections) the peak in λC/λ

NA
C is obtained at small s

where the most relevant contribution is given by backward tracing. An analogous result is obtained in Supplementary
Fig. 2d-e where we consider a power law distribution Ψ(s) of cluster sizes with different average size 〈s〉.

IV. Supplementary Note 2: Stability of the results

Let us now show that our results are stable when we change some relevant parameters in the modelling scheme.

A. Role of the recovery rate

A comparison of Supplementary Fig. 3 with Fig. 4 of the main text shows that the contribution of the different
CT mechanisms does not change qualitatively when varying the recovery rate µ = 1/τ . Note that this is not a trivial
property, since in our model µ is not a simple scaling factor of the critical infection probability λC as it occurs typically
in epidemics on dynamical networks [2, 3, 5]. This is due to the fact that CBackward and CSideward are non linear
functions of λ and therefore the sign of the eigenvalues of the stability Jacobian matrix (Eq. (64)) does not depend
simply on the ratio λ/µ. Clearly a linear expression for CBackward and CSideward is recovered for Ψ(s) = δ(s− 2).
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Supplementary Fig. 4. Effects of errors in the tracing strategy targeted on large simplices. a We consider the targeted
CT strategy on large simplices with error ε(s) = (1− α)θ(s− s∗): we plot the critical value αC , i.e. the critical α which bring
the system above the epidemic threshold, as a function of ε∗ that is the average fraction of nodes traced per simplex when
α = 0 and it fixes s∗. The curve is plotted for several R0 values and considering the empirical Ψ(s) during the partial opening

phase. b Same of panel a but considering a synthetic distribution Ψ(s) ∼ s−(ν+1) with ν = 1.5, s ∈ [2, 200]. In all panels the
other parameters are fixed as discussed in the Methods of the main text.

B. Effects of errors in the targeted tracing strategy

The targeted tracing strategy requires to perfectly trace large simplices, however this is a hard task in real situations
and typically a fraction α of the simplices cannot be traced. We investigate the effect of such a small untraced fraction,
by considering ε(s) = (1−α)θ(s−s∗) and keeping fixed s∗, so that only simplices with s ≥ s∗ are traced with probability
(1 − α). In this case α ∈ [0, 1]: for α = 0 the targeted tracing is perfect and the average fraction of nodes traced

per simplex is 〈ε(s)(s−1)〉〈s−1〉 = ε∗; increasing α we introduce an error in the tracing of large simplices and the fraction of

traced nodes is reduced 〈ε(s)(s−1)〉〈s−1〉 < ε∗; for α = 1 no tracing is performed and ε(s) = 0 ∀s. The results are summarized

in Supplementary Fig. 4 where we fix R0 = λ/λNAC at values for which the adaptive system without tracing is in the
active phase. Then we plot as a function of ε∗ the critical value α = αC which is able to keep the system in the active
phase. Clearly for small enough ε∗ the system remains active even for α = 0 (in that case we indicate αC = 0). For
larger ε∗ the system is in the absorbing phase at α = 0 and a finite value of α = αC > 0 is necessary to generate an
active system. We perform this analysis both for empirical and synthetic distribution Ψ(s). Supplementary Fig. 4
points out that αC increases rapidly with ε∗ (slope of the curve), indicating a significant stability of our results on
the effectiveness of the targeted tracing strategy: indeed if the system is well inside the absorbing phase (sufficiently
high ε∗) then for reasonable values of α (e.g α = 0.1) the system remains in the absorbing phase and the epidemic
does not spread.
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