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Metapopulation models have traditionally assessed epidemic dynamics by emphasizing local (in situ) interactions
within defined subpopulations, often neglecting transmission occurring during mobility phases (in itinere). Here, we
extend the Movement—Interaction—Return (MIR) metapopulation framework to explicitly include contagions acquired
during transit, considering agents traveling along shared transportation networks. We reveal that incorporating in itinere
contagion entails a notable reduction of the epidemic threshold and a pronounced delocalization of the epidemic trajec-

tory, particularly significant in early-stage outbreaks.

Recent empirical evidence in the context of the COVID-
19 pandemic!~ indicates that individuals who regularly
use mass transportation such as subways, trams, or buses
face a significantly higher risk of contracting airborne dis-
eases. In particular, for Influenza-like illnesses*>, the oc-
currence of infections among passengers increases with
travel duration and seat proximity, suggesting that higher
density and longer journeys amplify the risk of infection.
Although many epidemic models incorporate human mo-
bility and travel networks, they typically treat mobility as
a single aggregate factor, without explicitly isolating in-
fections acquired during transit. To address this limita-
tion, we investigate how explicitly modeling the in itinere
contagion route influences epidemic dynamics compared
to frameworks that consider only in sifu contagions. By
leveraging a Markovian metapopulation formalism, we
derive a mixing matrix that accounts for both in situ and
in itinere infections in urban contexts. Equipped with this
matrix, we show that in itinere contagions markedly affect
the epidemic threshold and trigger a delocalization tran-
sition in early outbreaks—an outcome of paramount im-
portance when designing targeted interventions.

I. INTRODUCTION

Epidemic modeling has long served as a cornerstone for un-
derstanding and mitigating the spread of infectious diseases
since the early works by Ross®, which laid the groundwork
for using mathematical approaches such as compartmental
models’. These frameworks, most notably the Susceptible-
Infected-Recovered (SIR) model!0, provided some of the ear-
liest insights into epidemic dynamics, paving the way for
practical forecasting tools. However, the inherent mean-field
nature of these pioneering approaches overlooked the spa-
tial and behavioral heterogeneities characteristic of real pop-
ulations, limiting their applicability to qualitative agreement
rather than quantitatively precise epidemic trajectories.
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The advent of network theory and, more specifi-

cally, its application to metapopulation dynamics'4-!8, en-

abled more realistic representations of population structure,
wherein individuals interact within localized subpopulations
(nodes) and move between them along well-defined mobility
patterns. Metapopulation models, especially when coupled
with agent-based simulations, have proven instrumental in in-
vestigating how human mobility'® critically shapes epidemic
progression, enabling the global spread of disease from local-
ized outbreaks across multiple geographical scales?®2>.

When considering metapopulation frameworks amenable
to mathematical analysis, different mobility patterns can be
modeled by coupling intra-node interactions with inter-node
diffusion processes?®=30. In particular, frameworks incorpo-
rating recurrent mobility, mimicking daily commuting, have
successfully captured urban epidemics®!'=33.  Yet, as noted
in*, a key challenge lies in accommodating complex so-
cial structures beyond the standard assumption that infections
arise only in situ (within the nodes)—thus neglecting a vital
transmission route: in itinere contagions, or those acquired
during transit. In many real-world scenarios, especially air-
borne outbreaks such as COVID-19, this additional contagion
mechanism!= has proven indispensable and, if ignored, may
lead to underestimating the epidemic burden, ultimately af-
fecting containment strategies.

In this work, we propose an extension to the metapopu-
lation framework that explicitly incorporates what we refer
to as in itinere contagions. Building upon the Movement—
Interaction—Return (MIR) model?33539 with distinguishable
agents**#! | our approach introduces a third reaction phase ac-
counting for contagions in itinere, i.e., while individuals travel
between their residential and destination nodes. By extend-
ing the mixing matrix formalism***! to cover transit-based
contacts, we derive an analytical expression for the epidemic
threshold and show that disregarding in itinere contagions can
overestimate population robustness and mischaracterize the
epidemic detriment phenomenon observed in recurrent mo-
bility settings.
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FIG. 1. Scheme of the metapopulation framework incorporating in itinere contagions. (a) Schematic representation of the SIS model. Indi-
viduals transition from the susceptible (S) to the infected (/) state with probability A upon contact with an infectious individual, and recover
to the susceptible state with probability p. (b) Conceptual illustration of the distinguishable-agent MIR framework incorporating in itinere
contagions. Polygons represent metapopulation nodes (e.g., i, j, k, etc.), with internal dots indicating residents, color-coded by their commut-
ing destination. Black circles (o, 8, 7, ...) denote transport stations connected by a transit line (black solid line). Dashed paths illustrate
commuting transit routes: one from node j to m (yellow), and another from p to / (cream). Arrows indicate the boarding and alighting stations
for each agent, with overlapping segments (e.g., ¥ — €) representing shared exposure windows enabling in itinere transmission. This mecha-
nism complements standard in situ interactions within nodes during day and night phases. (c) Scheme of the synthetic metapopulation model.
Nodes are distributed and interconnected within a unit square, while a transport line with equidistant stations spans the diagonal. Boarding and
alighting stations are assigned based on proximity between origin and destination nodes and the transport line (e.g. the two stations highlighted
in yellow delimit the route followed by individuals commuting between the two nodes highlighted in yellow).

Il. MODEL EQUATIONS where N denotes the number of patches in the metapopula-
tion. In particular, each variable p;;(¢) is the probability that

In this section, we present the MIR formulation that allows 2 agent residing in node / and commuting to node j is in-
including in itinere contagions. To this aim, we first describe ~ fectious at time 7. As is common in metapopulation models
the MIR formalism to explain the basic features of the model ~ With recurrent mobility, these L variables {pij(1)} evolve in

and then introduce the possibility of contagions during transit. ~ discrete time steps. In particular, the Markovian update equa-
tion for an individual living in node i who commutes to node
j reads:

A. MIR formalism with distinguishable agents piit+1) = (1—p)pij(t) + (1 *Pij(l‘)) m;(t), (1)

In its distinguishable formulation***!, the MIR model cat-  Where ft is the SIS recovery probability, and I1;;(7) is the prob-
egorizes individuals not only by their place of residence but a'blht}’ that a su§ceptlble agent with res1denf:e i and destina-
also by their usual destination. To support this formulation ~ tion j becomes infected during the current time step. As de-

one usually relies on the Origin-Destination matrix, n = {n;;}, tailed below, IT;;(¢) c.ombines the contagion events that gnfold
in which each element n;; captures the total number of com-  across three sequential processes at each step. In particular,
muters from patch i to patch j for the population of interest. these processes are:

This matrix can be viewed as a directed and weighted network

; | 1. Movement (M): At the beginning of each time step, in-
with L edges (the nonzero entries of n).

dividuals are placed in their residence node i. Then,

Focusing (for simplicity) on the Susceptible-Infectious- with probability p;, an individual travels to node ;.
Susceptible (SIS) compartmental model (see Fig.l.a), the Otherwise, with probability 1 — p,, the individual re-
MIR formalism is described by L < N? variables, {p;;(t)}, mains in node i.



2. Interaction (I): Once at a node (either the residence i
or destination j), each individual engages in local (in
situ) contacts that can lead to infection. The contagion
probability at node i during this day stage is:

147 w fi
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PP(t) = 1 — (1 ) ineff
i

where A is the per-contact infection probability of the

SIS model, I} (1) is the effective number of infected

agents in node i after movement and nff T is the node’s

effective population. Both quantities are defined as:
eff _ 1— .. .. 3
n; —( pd)znlj+pd2n]l 3)
J J

o= _Pd)znijpij(t) +PdZ”jini(t) )
J J

In addition, zp = (kD>Z,~nfff/Z,~f,-nfff is a scaling
factor ensuring an average of (kp) day contacts, and
fi= nff f /a; encodes the node’s effective density (with
a; denoting its area). Note that agents infected during
this day stage remain non-infectious until the following
time step.

3. Return (R): After the interaction phase, all individuals
who traveled during the movement stage return to their
home node to spend the night stage. There, they engage
in additional contacts (e.g., household members) that
may also result in infections. Being at home, the prob-
ability of these in situ contagions differs from Eq. (2):

(kn)
Py =1 (1= 2p0) )

where (ky) denotes the average number of night con-
tacts in the population (assumed to be equal for all
patches) and p;(¢) is the fraction of infected individu-
als in node i:

_ Ljmipi(t)

6
¥ m (6

pi(t)

As in the day phase, newly infected agents remain non-
infectious until the next time step. Finally, those who
were infectious during this time step recover with prob-
ability u, thus entering the next time step as susceptible
individuals.

B. Incorporating In Itinere Contagions

To capture the risk of infection while traveling, we intro-
duce a third reaction component. When individuals decide to
travel, they board a shared transportation network, interacting
with other passengers along the way. We assume this network,
composed of stations and connecting segments (see Fig. 1.b),

is unique and universally used by all travellers. Each individ-
ual starts at the station nearest their residence and disembarks
at the station closest to their destination. The route between
these two stations (represented as a sequence of stretches be-
tween them) follows the shortest path*?. Although certain
nodes (such as node k in Fig. 1.b) may have multiple equidis-
tant stations, for simplicity, we associate one station with each
node.

This expanded distinguishable MIR framework allows for
interactions between individuals whose residences and work-
places do not overlap. For instance, consider in Fig. 1.b some-
one residing in node p and traveling to node /, boarding at
station 8 and alighting at station 6. This person may interact
with another traveler residing in node j and heading to node
m while both are simultaneously aboard the transport network,
that is, when their routes overlap. Note that, under the baseline
MIR model, these individuals would have never encountered
one another.

To capture this new transmission route into the mathemat-
ical formulation, we write the probability that an individual
from node i traveling to node j becomes infected in itinere as:

= I(a, B)(1) c(pd)ggﬁm
e (%(1 A wp) ) N

where Sl(]‘-x’ﬁ ) is the (i, j) entry of matrix $(*#), which encodes
whether the path between nodes i and j includes the stretch
(a,B). Specifically, SE}X’B ) = 1 if the route between i and J

uses (@, ), and O otherwise. Since the product []4 ) runs

over all possible station-to-station stretches, the terms Sf;x"ﬁ )

ensure that only those segments actually traveled by (i — j)
affect Pg (¢). Additionally, n(a,B) denotes the total number
of individuals aboard on stretch (o, ), which can be explic-
itly written as:

n(a,B) = pa Y nuSy P, ®)
k,l

where p; scales the sum of all agents ny; whose routes include
(a,B). Analogously, the number of infected individuals on
that same stretch reads:

(o, B)(1) = pa Y mapua(0)S P )
k,l

Each traveler is assumed to make c¢(py) contacts per stretch
of the journey. This number is modeled using a first-order Hill
equation:

Pd

_Pd_ 10
K+ g (10)

c(pd) = Csat
so that, at low mobility p;, the number of in-transit contacts
remains small, whereas at higher mobility it grows asymptot-
ically toward the saturation value cg4.

Finally, considering the in situ infections during both day
(Interaction) and night (Return) phases, along with this in
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itinere infection risk, the overall probability that a susceptible
agent resident of node i who commutes to j becomes infected
in one time step is:

(1) = (1 = pa) [PP () + (1= BP(0)) BN 1)

1= (1-250) (1-2P0)) (1- 7))

+ Pa

D

In this expression, the first term corresponds to individuals
who do not travel (with probability 1 — p,) and thus encounter
infection only in their residential node i. The second term,
weighted by p;, applies to those who travel to node j, fac-
ing potential infections during transit, during the day at the
destination, and during the night at home.

C. Mixing matrix and Epidemic threshold

The epidemic threshold, A, is the smallest infection prob-
ability for which an endemic regime is attained. Therefore,
to derive its value, we focus on the stationary states of the
SIS dynamics near A.. In this regime, all variables are time-
independent: p;;(t +1) = p;;(t) = pf; Vi, j. Consequently,
Eq. (1) simplifies to:

ppiy = (1= p5)i;(p;). 12)

Secondly, for A 2 A, local prevalences are small: pf; = €; <
1 Vi, j, enabling the linearization of Eq. (12). The linearized
infection probabilities for the day, night, and in-transit reac-
tion processes are:

PP~ pr oy A= po iy 13
i~ Pd Wznjieji'F ( _pd)neTZnijeij( )
= =

(14)

aﬁ>S(aﬁ>
P ~ Ac(pq sznlkglkz «p) (15)
a.p

kil

Substituting these expressions into Eq. (11) yields a linearized
form of IT;; (p ), which, when inserted into Eq. (12) and ne-
glecting nonlinear terms in &;, leads to the following set of
equations for the stationary local prevalence:

pej ~11;(8 :AZ ks,k. (16)

For convenience, in the former expression IT;;(€) has been
expressed as the product of the stationary prevalence vector €
and the so-called mixing matrix*%*! M, whose element M;lk
encodes how individuals with residence i and destination j
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FIG. 2. Effect of ¢, on epidemic impact and threshold. (a) Steady-
state fraction of infected individuals, p*, as a function of the normal-
ized infection probability A /Ay, where A is the epidemic threshold
at p; = 0. Results are shown for p; = 0.3 and various cg, values.
(b) Epidemic phase diagram p* (A4 /Ag,csar) at pg = 0.3, illustrating
the dependence of disease prevalence p* on A /A and c4. The solid
white line represents the epidemic threshold, A./Ag, obtained from
Eq. (18). We have set K = 1073, (kp) = 8 and (ky) = 3.

interact with those with residence / and destination k:

P fi 22
Mjk*(l—Pd)Panka&kJr( —pa)’ effnzk&z

D D
el I} kyn
+p[217£fmk6jk+pd(l—pd) e;;”lk5ﬂ+< >"1k3zl
7
k

) (o)
+ pac(pa g Y, o n(a.B) (17)

a.p

Note that while the first five terms account for in sifu en-
counters (and correspond to those present in the purely
distinguishable-agent mixing matrix framework*’), the last
one captures in-transit interactions.

Finally, turning our attention to Eq. (16), it is clear that
given M this equation can be written as an eigenvalue prob-
lem: (/A)-€=ME. Thus, since we are interested in the
minimum value of A fulfilling the former expression, the epi-
demic threshold reads:

_ u
Ao = Amax(M) 7 (1%

where Amax (M) is the spectral radius of the mixing matrix.
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Il. RESULTS

To assess the impact of in itinere contagions, we employ a
synthetic metapopulation structure with N = 100 nodes and
average degree (k) = 19 in which patches have been wired
using a preferential attachment scheme. The nodes have ran-
domly assigned populations averaging (n;) = 500, and the
edges’ weights, n;;, are also randomly assigned: a random
fraction of each node’s population will travel to each of its
available destinations, ensuring that the total outflow equals
the node’s population. In addition, nodes are spatially dis-
tributed within a unit square, interconnected by a transport
network composed of Ny =9 equidistant stations placed along
the diagonal, facilitating bidirectional commuting. Although
this setup assumes a single transport line for simplicity, the
framework is general and can accommodate more complex
transit networks as it only requires knowledge of inter-station
travel times (proportional to the weights of the links) and their
spatial positioning relative to the patches. In Fig. 1.c we show
a schematic plot of the former metapopulation structure.

Leveraging this synthetic metapopulation with an inte-
grated transport network, our numerical simulations reveal
that explicitly modeling in itinere infections notably increases
the steady-state disease prevalence p*, particularly as the in-
transit contact parameter cg, rises (see Fig. 2.a). Further-
more, the epidemic threshold A, significantly decreases with
increasing cyy, highlighting that ignoring transit-based infec-
tions leads to substantial underestimations of the epidemic
risk. Both phenomena are robust against different functional
forms of ¢(p,) as they rely on the increase of contacts made
by the population due to the use of the public transportation
network. Analytical predictions derived from Eq. (18) align
remarkably with numerical results (see Fig. 2.b), validating
the proposed mixing matrix formulation as a powerful ana-
Iytical tool for assessing the resilience of populations against
infectious disease outbreaks. Note that in this latter plot we
use Ag, the critical threshold at p; = 0, as a normalization fac-
tor for A to focus on the effect of the transit contacts on the
threshold.

Prior implementations of the MIR formalism have revealed
the so-called epidemic detriment phenomenon i.e. an increase
in the epidemic threshold, A., for p; = 0 relative to the null
mobility scenario (p; = 0). Although it may initially seem
counterintuitive, this effect can be understood by consider-
ing the case p; = 0, A 2 Ay, where the majority of infec-
tions are concentrated within the most vulnerable patch of the
metapopulation. When mobility is introduced at a low level,
infected individuals can travel to less vulnerable, disease-free
patches where the pathogen cannot generate a local outbreak.
Concurrently, individuals entering the most affected patch are
predominantly healthy, thereby further diluting the disease’s
prevalence in that patch. As a result, the localized outbreak
in the most vulnerable patch can subside without triggering
secondary infections in more sparsely populated patches, ef-
fectively increasing the epidemic threshold A,.

Let us note that, within this formalism, in the null mobility
scenario (p; = 0) the most vulnerable patch is the one where
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FIG. 3. Impact of cg on the epidemic detriment phenomenon. (a)
Normalized epidemic threshold A./Aq as a function of mobility py,
where Ay denotes the epidemic threshold in the absence of mobility
(pa = 0). Results for various cs,; values are represented, showcasing
how in-transit contacts modulate the critical conditions for epidemic
onset. (b) Mobility value p;, defined as the value of p,; that max-
imizes the epidemic threshold A, plotted against ¢4 The shaded
regions distinguish regimes where increasing mobility increases A,
(light purple) from those where it decreases it (light yellow). Simu-
lations consider K = 1073, (kp) = 8, and (ky) = 3.

most contacts occur per time step: P Smax + (ky), that is, the
one that is most densely populated. In our synthetic metapop-
ulation, all nodes have been assigned the same area, meaning
that the most vulnerable patch is the most populated one at
low mobility.

Remarkably, the inclusion of in itinere contagions counter-
acts the -otherwise seemingly robust- epidemic detriment phe-
nomenon. Fig. 3.a shows the relationship between A, /Ay and
pq for increasing values of cg,. This figure reveals how in-
transit contagion not only reduces the epidemic threshold but
also plays a pivotal role in mitigating epidemic detriment. As
the number of in-transit contacts increases, this phenomenon
is progressively countered, eventually nearly disappearing al-
together, as evidenced by the decrease in p); (the mobility
value at which A reaches its maximum) with increasing ¢,
(see Fig. 3.b). In the SM, we analytically derive the inverse
dependence of p; through a perturbative analysis of the mix-
ing matrix M.

To determine the effect of in itinere contagion on disease
localization in the population, we compute the inverse par-
ticipation ratio (IPR) as a function of mobility, p,, and the
per-segment in-transit contacts, c¢s,;. The IPR has proven to
be a good indicator for localization in spreading dynamics on
complex networks3>*344  Since we aim to quantify the con-
tribution of each patch to the overall outbreak, we first coarse
grain the maximum eigenvector, €,,(M), by summing the
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FIG. 4. Correlation between ¢y, and the epidemic delocalization.
(a) Inverse Participation Ratio (IPR) as a function of mobility, p,,
for several cyy values. (b)-(c) Metapopulation network representa-
tions for p; = 0.1 at ¢y = 0 (panel (b)) and ¢y = 14 (panel (¢)).
Node sizes are proportional to the population of each patch, link col-
ors (ranging from white to black) reflect the corresponding n;; values
in the OD matrix, and node colors represent the components of the
coarse-grained maximum eigenvector Vpax, capturing the localiza-
tion of the infection. Simulations consider K = 1073, (kp) = 8 and
(kn) =3.

contributions associated to each patch i, yielding a new eigen-
vector with N entries, V4

N max
=18}
(Vmax)i = N N 3 (19)
\/Zk=1 [ jzlsil;lax]
The IPR is then defined as:
N
IPR = )" (Va7 - (20)

i=1

This quantity is bounded between 1/N (fully delocalized,
where all patches contribute equally to the epidemic) and
1 (fully localized, where infections are confined to a single
patch).

As demonstrated in Fig. 4.a, for all values of ¢y, an in-
crease in py results in a decrease in the IPR, pinpointing a
delocalization transition driven by geographical mixing due
to mobility. Furthermore, as ¢y, increases, this transition oc-
curs at lower p;, emphasizing the pivotal role of in-transit
contacts in driving early delocalization. These contacts con-
tribute to disease homogenization through two main mech-
anisms: (i) increasing the total number of contacts and (ii)
enabling interactions between individuals who neither share
their residence nor destination—interactions that do not occur
in the baseline MIR model. Additionally, Figs. 4.b-c schemat-
ically depict the metapopulation, with patches color-coded by
their corresponding element in the V.« vector. This visual-
ization further illustrates that, for fixed mobility (py = 0.1),
increasing in-transit contacts (cg4) leads to epidemic delocal-
ization. In this context, ¢z, governs a transition in the in-
fection distribution from a localized state—confined to a few

patches—to a widespread and homogeneous state across the
network. Our findings thus represent a cautionary tale for the
implementation of targeted strategies, as the delocalization of
epidemic states driven by in-transit contagions substantially
reduces their suitability as a control strategy to mitigate epi-
demic outbreaks.

IV. CONCLUSIONS

In this work, we have proposed a metapopulation frame-
work introducing a novel mechanism that accounts for conta-
gion events occurring during individual transit across a shared
transportation infrastructure. By incorporating in itinere con-
tagions into the MIR modeling scheme, we have revealed a
non-negligible transmission route that substantially alters both
the epidemic threshold and the spatial progression of out-
breaks. This refinement provides a more faithful representa-
tion of disease dynamics in urban environments, particularly
for airborne pathogens.

The analytical derivation of the mixing matrix, which now
includes terms representing in-transit contacts, enables a pre-
cise characterization of the epidemic threshold through spec-
tral analysis. Numerical simulations, conducted on a syn-
thetic yet structurally realistic metapopulation, confirm that
in itinere contagions lead to a significant reduction in the
epidemic threshold and an increase in disease prevalence.
Moreover, we have shown that the presence of transit-based
infections progressively diminishes the epidemic detriment
phenomenon, thereby reshaping the critical conditions under
which mobility enhances or suppresses epidemic spread.

Beyond the epidemic onset, we have also demonstrated that
in itinere contagions are a potent driver of epidemic delocal-
ization. Using the inverse participation ratio as a metric for lo-
calization, we have shown that increased transit contacts pre-
cipitate a rapid transition from localized to widespread infec-
tion states. This finding highlights a fundamental shift in the
spatial profile of outbreaks, whereby infections are no longer
confined to highly vulnerable patches but become uniformly
distributed across the metapopulation.

Overall, our results underscore that ignoring in itinere con-
tagions may lead to significant underestimations of epidemic
severity and mischaracterization of spatial dynamics, thereby
compromising the design and effectiveness of containment
strategies. While our framework builds upon the basic MIR
formalism successfully applied to real commuting data, its
current formulation introduces new transport-related simpli-
fying assumptions - such as the exclusivity of public transport
as a commuting mode and the synchronicity of all commuting
events - which may pose challenges for empirical calibration.
Additionally, in this work we assume a single transport line
and, while the framework is general enough to encompass
more complex transport networks, it does not, however, ac-
count for travelers’ potential to choose among multiple equiv-
alent routes. Finally, as happens with the original MIR for-
malism, the current model does not account for individuals
visiting multiple destinations per day or for variability in daily
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routines—a limitation that can be solved by adding hybrid
mobility patterns*>. Nevertheless, the presented framework is
general enough to be readily adapted to empirical transporta-
tion and demographic data, thus providing a robust foundation
for the evaluation of epidemic scenarios and the design of tar-
geted intervention policies.

SUPPLEMENTARY MATERIAL

In the Supplementary Material, we provide details of the
perturbative analysis used to estimate the mobility value p
corresponding to the maximum of the function A.(py).
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