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ABSTRACT

We develop a general modeling framework for compartmental epidemiological systems structured by continuous
variables which are linked to the levels of expression of compartment-specific traits. We start by formulating an
individual-based model that describes the dynamics of single individuals in terms of stochastic processes. Then, we
formally derive: (i) the mesoscopic counterpart of this model, which is formulated as a system of integrodifferential
equations for the distributions of individuals over the structuring-variable domains of the different compartments;
(ii) the corresponding macroscopic model, which takes the form of a system of ordinary differential equations for the
fractions of individuals in the different compartments and the mean levels of expression of the traits represented by
the structuring variables. We employ a reduced version of the macroscopic model to obtain a general formula for the
basic reproduction number, R, in terms of key parameters and functions of the underlying microscopic model, so as
to illustrate how such a modeling framework makes it possible to draw connections between fundamental individual-
level processes and population-scale dynamics. Finally, we apply the modeling framework to case studies based on
classical compartmental epidemiological systems, for each of which we report on Monte Carlo simulations of the
individual-based model as well as on analytical results and numerical solutions of the macroscopic model.

1 | Introduction

The basic tenet of compartmental models of epidemiological systems formulated as ordinary differential equations (ODEs)
is that each compartment is homogeneous (i.e., it is composed of individuals that are identical) [1-3]. For instance,
focusing on SIRS systems [4-7], all susceptible individuals are assumed to have the same level of resistance to infection,
all infectious individuals express the same viral load, and all recovered individuals share the same immunity level (cf. the
schematic in Figure 1a). However, it has long been recognized that individuals in the same compartment are rarely (if
ever) homogeneous—that is, still focusing on SIRS systems, there is variability in the level of resistance to infection, viral
load, and immunity level among individuals (cf. the schematic in Figure 1b).
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FIGURE 1 | The schematic in panel (a) shows the flow diagram for a homogeneous SIRS system, where individuals in
each compartment are assumed to be identical, while the schematic in panel (b) shows the corresponding flow diagram

for a heterogeneous SIRS system, where individuals in each compartment express a specific characteristic to different
degrees, which are here represented by different color shades.

ng(t,vs)

FIGURE 2 | Schematic showing the flow diagram for a heterogeneous SIRS system along with the related representation
in terms of the population density functions, n;(t,v;), each representing the distribution of individuals in a given
compartment, labeled by the index i€ I :={S,I,R}, over the domain of the corresponding compartment-specific
structuring variable, v; € V;, at time ¢.

An increasing body of literature provides compelling evidence for the fact that this form of interindividual heterogeneity
plays a pivotal role in shaping the evolution of epidemic processes [8-15]. As a result, continuously structured
compartmental models formulated as partial differential equations and integrodifferential equations (IDEs) have also
been developed, wherein one or more compartments are structured by continuous variables that capture variation in
relevant characteristics among individuals, such as age [16-19], resistance to infection or immunity level [20-24], viral or
pathogen load [21, 23, 25-28], and other phenotypic [29-37] or socioeconomic [38-41] characteristics.

Building upon previous work on continuously structured compartmental models of epidemiological systems [26, 27],
in this paper we generalize the modeling approach for SI systems that we presented in [23] by developing a modeling
framework that comprises an arbitrary number of compartments, each structured by a continuous variable that is linked
to the level of expression of some compartment-specific traits.

We start by formulating a general continuously structured individual-based model for compartmental epidemiological
systems, which describes the dynamics of single individuals in terms of stochastic processes. This model takes into
account the effects of both changes in the individuals’ level of expression of compartment-specific traits and transitions of
individuals between different compartments. Next, we formally derive the mesoscopic counterpart of this model, which
is formulated as a system of IDEs for the population density functions that represent the distributions of individuals
over the structuring-variable domains of the different compartments (cf. the schematic in Figure 2). Then, considering
an appropriately rescaled version of this IDE system, we carry out a formal derivation of the corresponding macroscopic
model, which takes the form of a system of ODEs for the fractions of individuals in the different compartments and the
mean levels of expression of the traits represented by the structuring variables.
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In summary, the modeling approach presented here provides a coherent multiscale representation, from individual-level
processes to population-scale behaviors, of coevolutionary dynamics in compartmental epidemiological systems that are
structured by compartment-specific continuous variables. This is in itself a novelty aspect of our work. In fact, while
multiscale modeling of compartmental epidemiological systems has been an active area of research for years now, attention
has mainly been focused on unstructured systems, systems where structuring variables are discrete, and systems where
structuring variables are continuous but they are the same for all compartments. Instead, here we consider the case where
different compartments are structured by different continuous variables, proposing a modeling approach that is flexible
enough to be applicable to a wide range of epidemiological systems.

The remainder of the paper is organized as follows. In Section 2, we present the individual-based model, the mesoscopic
and macroscopic counterparts of which are then formally derived in Sections 3 and 4, respectively. In Section 5, we apply
the modeling framework to case studies based on classical compartmental epidemiological systems. For each case study,
we report on the results of Monte Carlo simulations of the individual-based model and integrate them with analytical
results and numerical solutions of the macroscopic model. In Section 6, we conclude with a discussion and propose some
future research directions.

2 | Stochastic Individual-Based Model

We consider a system of N > 1 interacting compartments labeled by an index i € T := {1, ..., N}. Each compartment
is structured by a specific continuous variable v; € V; C R, where V; is a bounded interval. At time ¢ € [0, o), We
describe the microscopic state of individuals in the system, regarded as being indistinguishable, by the random vector
(s, Vi), whereI; € Tand V= (Vyy, o, VN EV =V X . X VN C RN. The discrete random variable I, specifies the
compartment of an individual at time ¢ (i.e., individuals belonging to compartment i at time ¢ will have I, = i), while the
continuous random variable V; ; models the level of expression of the trait represented by the ith structuring variable at
time ¢.

We let

(It,V[)Nf(t,i,V), (1)

where we use the symbol ~ to indicate that a random variable is distributed according to a certain probability distribution.
The distribution function f : [0, c0) X T XV — R_, being a probability density function, is such that

> / f(t,i,v)dv =1 Vt € [0, ). )
.

i€l

We focus on a scenario where between time ¢ and time ¢ + At, with At > 0:

I Atrate 6; € RY, structuring-variable switching may occur, whereby an individual in compartment i with expression
level v; of the trait represented by the structuring variable may spontaneously acquire a new expression level vlf , with
probability K;(v! |v;).

II. Atrate{ € R*, compartment switching may take place, whereby an individual in compartment i with expression level
v; of the trait represented by the structuring variable may transition into compartment j. Compartment switching can
either be spontaneous (i.e., not driven by interactions with other individuals) with probability r € [0, 1], or driven
by intra/intercompartment interactions (i.e., interactions between individuals of the same compartment/different
compartments) with probability 1 — r. In more detail:

ITa. when spontaneous compartment switching occurs, the individual transitions into compartment j, with probability
p(jli,v;), and acquires a value v;.’ of the structuring variable of the new compartment, with probability

P(v;’ |j,i,v;). This is the case, for example, of the switch I — R in the SIRWS model presented in Section 5.3,

whereby an infected individual spontaneously recovers and becomes immune;
IIb. when interaction-driven compartment switching occurs, the interaction with an individual in compartment k
with value UI; of the structuring variable leads the individual to transition into compartment j, with probability

q(jli, v, k, v:), and acquire value U}/ of the structuring variable of the new compartment, with probability
Q(v;’ lj,i,v;,k, v:). Considering again the SIRWS model presented in Section 5.3, this is the case, for example, of:
the switch S + I — I + I, whereby a susceptible individual interacts with an infected individual and contracts the
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disease (i.e., k = j); or the switch W + I — R + I, whereby an individual with waning immunity interacts with
an infected individual and receives a boost of immunity, becoming recovered and thus immune (i.e., k # j).

The aforementioned kernels K;, P, and Q and the functions p and q satisfy the following assumptions for all i, j,k € I:

Ki(-[) € 2V CV)),  PCljL L) € PViCV)),  p(lis-) € C(V,

Q(1j, i, k, ) € PV C(Vi x Vi), q(jli, -k, -) € C(V; X V),

Supp(Kl) - Vi X Vi, K;>0a.e, (33)
/ K;(v!|v))dv! =1 and / v/K;(v]|v)dv] €V Yy €V, (3b)
1
2

epEieflonds] - [
Vi Y,

Supp(P(-|j,1,-)) € V; x Vi, P(lj,i,-) 2 0ae,

vl.'Ki(vl.’lvl-)dvl.') >0 Vu; €V, (3¢c)
i

/ PW"j,i,v)dv =1, / VP! j, i, vpdv” € V) Vv eV,

V. J J V. J J J

J
Supp(Q(lJ! i7 K] k’ )) Cc v] X vi X vka Q(I]5 i’ ‘s k, ) >0 a.e.,
A Q(U;"l\ja ia Ui, k; UZ)dU;, =1, A U}/Q(U;llja ia Ui, k’ U;;)dl);.’ € v] V(Ui’ Uk) € vi X vk’
J J

Supp(p(jli,) €V;, 0<p(jli,-) <1,
Supp(q(jli, - k,-)) CV; X Vi, 0<q(li,k,-) <1,

Y p(jli,v) =1 Vo, €V, (42)
jer
Z q(jli,v;, k, v;:) =1 V(vi,v;:) EV; X Vg, (4b)
jer

where 2 (V;) denotes the set of probability distributions defined on the measurable space (V;, B), with B the Borel o-
algebra, C(V;) denotes the set of continuous functions defined on V;, and Supp(-) denotes the support of (-). Note that the
normalization conditions (4a) and (4b) imply that

pGili,v) =1-Y p(jli,v;) Vu; €V, (52)
JET
J#
q(ili, v,k v)) = 1= q(jli, vy, k, 0%) V(03 UF) € Vy X V. (5b)
JEI
J#

Under this scenario, the evolution of the microscopic state (I;, V) is governed by the following system:

Line =(1=2),+Z [EIl + 1 - B)1],
(6)
Viesar = A= 2)[a-0) Vi +0,V] | + 2V},

e iel,
where Z, E, and 01, ..., Oy are independent Bernoulli random variables with parameters {At, r, and 61At, ..., ONAt,
respectively. Note that we are implicitly assuming At to be small enough so that max (¢, 61, ..., Oy ) At < 1.1In the system (6),
the random variables I t’ €Tand]I {’ € T model, respectively, the index of the new compartment an individual belongs
to if spontaneous and interaction-driven compartment switching occurs, while the random variable Vl.’ ! ; € V; models the
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corresponding value of the structuring variable that is acquired by the individual. Moreover, the random variable V €V
models the new value of the structuring variable that is acquired by an individual in compartment i if structuring- Varlable
switching occurs.

For ease of presentation, in the remainder of the paper we use the notation
iﬁ =V X X Vi X Vi X X Yy, Iy = (Ul, s Vi1, V15 e s UN). @)

To incorporate (I) into (6), for all i, h € T we let

(V{,,|Iz, Vi) ~ T(v{lIt,V[), (8a)
K;(v'|v;) ifi=h,

T(!|h,v) := 2 l,| v (8b)
5Ui(vi) ifi # h,

where §(.) denotes the Dirac delta centered at (-). Moreover, recalling the notation (7), to incorporate (ITa) into (6), for all
. .,
i,i'’ e Twelet

(I}, V{1, V) ~ TV 1, V), (9a)
T,V 1,v) 1= 6y ("9")p(E' 1, v)P) I 1,0, (9b)
while to incorporate (IIb) for all i,i", k € I we let
A}, VI, Vi, I V) ~ T v 1,V T V), (10a)
TG Vi, v, i, v) o= 51'//(,(1 v'Nq(" i, v;, k, v*)Q(v i1, v,k, v*) (10b)

In summary, the definition (8b) translates in mathematical terms the idea that only individuals in compartment i undergo
changes in the trait represented by the structuring variable v; due to structuring-variable switching, according to the
kernel K;. Moreover, the definition (9b) (respectively, the definition (10b)) captures the fact that spontaneous compartment
switching (respectively, interaction-driven compartment switching) leads individuals in compartment i with expression
level v; of the trait represented by the structuring variable to transition into compartment i’ (respectively, compartment
i"”), with probability p(i'|i, v;) (respectively, with probability g(i"’|i, v;, k, v}), where k and v} are the compartment and the
value of the structuring variable of the individual with which/whom the interaction occurs), and acquire the expression
level vlf 7 (respectively, vl_’,’,) of the trait represented by the structuring variable of the new compartment, according to the

kernel P(U{,’|i’, i,v;) (respectively, the kernel Q(U{,’, 1", i, v, k, v))).

3 | Mesoscopic Model

Starting from the system (6), we now formally derive the mesoscopic model corresponding to the microscopic model
presented in the previous section, which comprises a system of balance equations for the population density functions

n;(t,v;) = n(t,i,v;) 1= / f(t,i,v)dv, iel, (11)
Y

where f(t,i,v) is the probability density function given in (1), and !V and ‘¥ are defined via (7). The population density
function n;(t, v;) represents the distribution of individuals in compartment i over the corresponding structuring-variable
domain V; at time ¢ (cf. the schematic in Figure 2). Specifically, we will formally show that the dynamics of the population
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density functions n;(¢t,v;) with i € T are governed by the following IDE system:

9;ni(t,v;) = 6; l/
v.

1

Ki(vi|v)m(t, v))dv! — ny(t, Ui)]

+§r Z/ p(lU’UJ)P(vlllﬂ.]’v])n_](t’v])dv]_ ZP(]“’Uz) ni(t,vi)
JEL’Vj jer
J#i j#i
(12)
+¢a-n| T T [ [ atliog ko0 j. v kom0 e odudo
V

kel jeI ' Vj
J#i

- Z Z/ q(jli, vi, k, vone(t, vdog nit,v) |, v, €V, i€l
kel jel
J#i

General evolution equation for expectations of observables. We start by noting that, since the components of the
random vector (I as, Viya¢) are given by (6), for any observable @ : 7 X V — R the expectation

(B, Vy)) = /CD(I v)f(t, I, v)dv

le1
satisfies (see, for instance, [42])
(DU prar Vigar)) = (2T, W) 1= At +r{D(I[, V")) (At + (A —r) ((I,V]")) ¢ At, 13)
where

W; = (Wi, ..., Wyy) with Wy, :=(1-0)V;;+6;V] fori=1,..,N

and V' = (V{’ . VI'\’, z)' Recalling that Z and @1, ..., ®y are independent Bernoulli random variables with parameters

¢At and 6, At, ..., O At, respectively, introducing the diagonal matrix
O :=diag(®q, ..., Oy)
and rewriting the vector W; as
W, =1I-0)V, + @Vt’,

where I is the identity matrix, yields

(@I, W) = (B(I;, V) PO =0) + Y, <cp<1t,vt”h)> PO, =1 A ©;=0Vj#h)+oL. (14)
hel

In (14), P(-) is the notation that we will be using for probability, 0 is the null matrix,

1,h
Vit = (VU, s Vierts Vi Vieros s VNJ), (15)

and o.t. are all the other terms accounting for the remaining cases in which multiple diagonal elements of the matrix @
are equal to 1, that is, higher-order terms in At which will formally vanish in the limit At — 0. Using (14), we rewrite (13)
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as

(@ a0 Virad) = [ (@1, V0)) PO =0)+ Y, (@(1, V")) PO, =110 =0Vj # W) +o.t.| (1= ¢AD "o
hel

+r(@(I],V])) ¢ar+ A =) (@(I),V]")) ¢ At

and then, using the fact that, as proved in Appendix A,

P(@ =0) = [[(1 - 6,40 =1-At ) 6, +0(AD), a7
hel hel
PO =1A0; =0V, #h) =6,At [ [ - 6;A1) = 6,A¢ + o(Al)
and
o.t. = o(At), (18)

with a little algebra we rewrite (16) as
h
(@sais Virad) = (@ V) + 8t Y, 6,((@(1 V")) - @1, V1))
hel

+ At (r (@I, V]")) + @ =) (@I, V]")) = (@U;, V}))) + o(Ab). (19)

From (19), rearranging terms, dividing through by At and letting At — 0%, we formally obtain the following evolution
equation:

L (a1, V) = theh(( (1 V")) = @ V) ) + ¢ (r (@I VY)) + (A= 1) (@(I7,V]')) = (@, V)),  (20)
€

which can be regarded as a weak form of the conservation equation for the probability density function f(¢,i,Vv).
Expressing the expectations (-) in (20) in terms of sums and integrals against the probability density function f, and
using (8a), (9a), and (10a), the evolution equation (20) can then be rewritten as

dt D) / o(Lv) f(t,1,v)dv =

le1

= >0 o(l, v T, v) f(t,1,v)dv, |dv'"F — o, v) f(t,1,v)d
th/ v /UVf v)av, [dv zez/ v)f v)dv

hel le1 Vi
=)
+¢r)) / o(L,v"| ) / TLV"1j,V)f(, j,v)dv |dv”
lelv jelv
@D
=:()
+¢a-n) / oLv| Y ) / / T V"1, v, kv f(t, jV)f(E k, vE)dvdv* | dv”
ler P kel jel Y P
=@
¢y / (L, v) f(t,1,v)dv,
le1 Y
=@
7 of 27
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where, recalling the notation (15), vl = (V15 w5 Vp—1s v;l, Uhsls s UN)-

From (21), we now derive a weak form of the IDE system (12). To do so, we choose

(L v) 1= 8;; $(v) 1ip (),

(22)

where 'V and '¥ are defined via (7), § is the Kronecker delta, 1 is the indicator function of the set 'V, and ¢ € C®(V))isa
smooth test function. We then substitute (22) into (21) and, for ease of presentation, carry out calculations for the left-hand

side (LHS) of (21) and the terms O-® on the right-hand side (RHS) of (21) one by one.
LHS of (21) Recalling (11), substituting (22) into the LHS of (21) yields

d
EZ / (L, v) f(t,1,v)dv = / $(v;) 3;m;i(t, v;) dv;. (23)
ler’v Vi
@ on the RHS of (21) Recalling (11), substituting (22) along with (8b) into @ yields
©=a| [ [ senriiteon.eodeiav - [ wome.upa
Vi Vi Vi
+ 20| [ [ ses, @pmteupavide - [ geome.opdy
T R v,
=0, //¢(vi’)Ki(v{|vi)ni(t,vi)dvlfdvi—/¢(vi)ni(t, v)dy; |,
R v,
from which, swapping vl.’ and v; in the first integral and then rearranging terms, we find
®=/¢(Ui) 0; /Ki(Ui|Ui,)ni(f,Ui/)dU{—”li(f,Ui) du;. (24)
Vi Vi
(D on the RHS of (21) Substituting first (22) and then (9b) into ® and rearranging terms yields
©=[9wn| X [ [ ravivreivavae|a
Y jeli]} v
=/¢(U{') Z//5i‘7,,(i‘7)p(i|j,v»)P(v{’Ii,j,v-)f(t,j,v)dvdiv” dv!
¥, JEL Y
' J#
+/¢>(vlf’) //5[‘;//(i‘7)p(i|i,Ui)5v[,(vl-)f(t,i,v)dvdi\?” dv!
v, P v
= [ 2, [ plaseppelisepr. jovsav|dof
jel
Y fjil y
+/qb(v{’) /p(ili,vi)évl(vi”)f(t,i,v)dv dv/’,
v, v
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from which, recalling (11), using the relation (5a) and renaming v/’ to v;, we find

®=/¢(Ui) /p(ilj’Uj)P(Uili’j’Uj)nj(t’vj)dvj+ 1- Z p(jli, vy) [n(t, v) ¢ du;. (25)
JELS, jer
' j#i Vi J#

on the RHS of (21) Substituting first (22) and then (10b) into () and rearranging terms yields

:/¢>(vi”) ///Tk(l Vv, k0 f (8§ v) f(E R, vE)dvdvd | du)
Y, kereZ

=/¢(Ui") ///dvu(v)q(ll] v}, k, 0)Q! i, j,vj, k, v f(E, j, V) f(t, k,v)dvdv*d¥" | dv)
' kEZ}EI

j#i Y

+ [ ¢! Sign (0)q(ili, v;, k, )8, (V) f (LK, v)dvdv*d¥" [dv)’
Jen\Z]]] :

:/qb(vi”) //q(ll] v;, k, v)QW! i, j,v;, k, V) f (L, j, V) f (8, k, v¥)dvdv* | dv!
Y, kEZ]EI

J#l

+ [ o) q(ili, vy, k, 018, (VI f (i, v) f(t, k,v¥)dvdv* [dv]’.
IRE YL

Then, recalling (11), computing the integrals with respect to all the components of v except v; and all the components of
v* except U; using the relation (5b) along with the fact that (cf. the integral identity (2))

/ ni(t,v)dv; =1 Vi € [0, c0),
ker ’ Vi

and renaming v/’ to v; and v}’ to v, we find

= ,/vi ¢(Ui) {Zkel ijif /Vk /vj q(l|]9 Uj’ k9 Uk)Q(Ui|i7 j’ Uj’ k’ Uk)n'j(t5 Uj)nk(t’ vk)dvjdvk} dvi

(26)
J#i
@® on the RHS of (21) Recalling (1), substituting (22) into ® yields
W= / ¢(vy) ny(t,v;) du;. o
v

Substituting (23), (24), (25), (26), and (27) into (21), after a little algebra one obtains a weak formulation of the IDE
system (12).
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4 | Macroscopic Model

In this section, we aim to recover a macroscopic representation of heterogeneously structured compartmental
epidemiological systems starting from the mesoscopic representation provided by the IDE system (12), that is, to obtain a
set of equations describing the time evolution of macroscopic quantities such as the fractions of individuals in the various
compartments

N;(t) Z:/ n;(t, v;)dv;, iel,
v.

1

and the mean values of the compartment-specific structuring variables
M;(t) := ! /vn(tv)dv iel
SN Sy, T '

Integrating directly the IDE system (12) does not produce closed equations for these quantities. For instance, in the case
of the N;’s, noticing that

/ (/ K;(vi|v)n(t, v))dv] — ny(t, vl-))dvi =0 (28)
Vi Vi

1

because of (3b), one finds

o~

dN; Z

dr g’r. (
JjeT
J#i

/ / DGl 0,)PQilis vt v))dvdv; — p(ju,vl-)ni(r,vi)dv,-)
v v ;

ivVj Vi

+§(1—r)zz<///q(i|j,vj,k,vk)Q(v,-|i,j,vj,k,vk)nk(t,vk)nj(t,vj)dvkdvjdvi
ket je1 \’Vi ' Vj Vg
J#i

_/ / q(jli,Ui,k,Uk)l’lk(t,Uk)l’li(t,Ul')ddeUi>,
Vi IV

which still requires the knowledge of the population density functions. To circumvent this difficulty, we adopt a procedure
reminiscent of the hydrodynamic limit, which in statistical mechanics allows one to obtain evolution equations for the
hydrodynamic parameters of a gas (such as, for instance, the bulk density, velocity, and energy) from an underlying
mesoscopic representation.

We introduce a small scaling parameter 0 < ¢ < 1and let ¢ = €in (12). Since ¢ is the rate at which compartment switching
occurs, this amounts to assuming a quasi-invariant regime of transitions across the compartments. In other words, the
probability that individuals leave their compartments over time is small. To compensate for such a smallness, thereby
enabling the observation of significant time trends, we scale simultaneously the time variableast — ¢/e. Upon introducing
the scaled population density functions

t .
nf(t,vi) 5=ni<g,vi>, iel,
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whence d;n} = éatni, we rewrite (12) as
ed;ni(t,v;) = 9i</ K;i(vi[v))ng (¢, v)dv! — ni(t, vi)>
v.

+er Z </ p(lj, vP(ili, j, v)n5(t, vj)dv; —P(j|i,vi)nf(f,vi)>
jer \’V;j
J#i

+e(1-7) Z Z (/ / q(ilj, vj, k, v)Q;li, j, vj, k, vk)nz(t,vk)nE(t,vj)dvkdvj
kel jer \’'Vj’ Vg
J#i

—ni(t,0) [ q(li, vk, v)n (¢, Uk)dvk>~ (29)
Vk

Integrating both sides with respect to v; and recalling (28), we obtain

d . .. .
T nf(t,vi)dvi="§ / (/ P(llj,Uj)P(Uill,J,Uj)n;(t,vj)dvj—P(Jll,vi)"f(hvi)>dvi
% jer’ Vi \’V;
J#i

+(1_r) Z Z A </]; /]; Q(IU, Uj,k,Uk)Q(Uili,j,Uj,k, Uk) Xni(t,vk)n;(t,vj)dvkdvj
i j k

kel jel
- ”lf(t,vi)/
v

J#i
q(jli, vy, k, vdng (¢, Uk)dUk>dUi (30)
for all € > 0. To proceed further, we assume that the K;’s are conservative also on average, that is,

k

/ viK;(vilv)dv; =v] Vvl eV, Viel, (31)
.

i

so that

[

Hence, multiplying (29) by v; and integrating with respect to v; itself we find

d
T /v vini(t,v)dv; = r Z

i JET
J#i

vl-(/ K;(vi|vo)ns(t, v)dv! — nf(t,vi))dvi =0.

i Vi

</ p(l|J7vJ)P(l5]av])nj(tavj)dv] _/ p(f“a”i)”i”?(t, Ui)dUi)
v. .

1

+ (1 - r) Z Z <,/v ,/v Q(ll.], Uj9 k’ Uk)Q_(l’ j! Uj, k’ Uk) X ni(ti Uk)”;(t’ Uj)dvkdvj
j k

kel je1
— / Uil’l?(t,vi)/
V; 2%

J#
qQjli, v, k, v (¢, Uk)ddeUi) (32)
i k
for all € > 0, where we have used the following definitions:

P(i, j,vj) 5=/ viPili, j,v)dv;, QG j,vj, k, v) 5=/ viQli, j, vj, k, vy )dv;.

Vi Vi
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To discover a universal trend valid in the regime of small ¢, we pass now to the limit ¢ — 07. To do so, we assume that nig
converges to some n?, i € I, which, owing to (29), formally satisfies

/ K,-(v,-lv{)n?(t, v))dv! — n?(t, v;) = 0.
Vi

Therefore, n? is an eigenfunction of the integral operator ¢ — /v- K(v;] vl.’ (e, vl.’ )dv{ associated with the eigenvalue 1 and
1
such that

/ n0(t, vdv; = N°(), / vin(t, vdv; = NOOMO(@),
v.

i

N ?, M ? being the limit values of the scaled fraction and mean compartment-specific structuring variable of the individuals
in compartment i € 1. Following [23], we let n?(t, v;) = N?(t)z,bi(t, v;), where 1; fulfills

Pi(t,v)dv; =1, / vhit, vi)dv; = MY(1).
v.

Vi

Then, letting, without loss of generality, V; = [Qi, U; | with v, <0, under assumptions (3a), (3b), (3c), and (31), it is possible
to prove, see again [23], that there exists a unique ¢;, which is in the form

$ilt,0) = (1 = MY)S, (0) + MU, (v, P€T,
so that finally there exists a unique n?, which is in the form
nd(t,v;) = N)()(1 - M?(t))dgi (v) + NY(OM)(1)6 5, (v), iel.
In the following, without loss of generality, we set v, = 0 and v; = 1, that is,
Y, =[0,1] Viel. (33)

Substituting the expressions for the n?’s just found into (30), after passing there to the limit ¢ — 0%, and dropping the
superscripts “0” for convenience, yields

dN; . . . .
== rjgl[(p(zu,om — M)+ p(ilj, DM; )N; = (p(1i, 01 = My) + p(jli, DM )N
J#i
+a-n) > [(q(iu,o, k, 0)(1 — M)A = M) + q(il j, 1, k, 0)M;(1 — My)
kel jel
J#i

+ q(jli,0,k, 1)(1 = MMy + q(ili, 1, k, 1)Ml~Mk>N,-]Nk.
(34)

Note that, as expected, the ODE system (34) is mass-preserving, that is,

%ZN@:O Vi>0 = Y Ni(t)=) Ni(0) Vt>0. (35)

ieT ie1 ieT

Similarly, substituting the expressions for the n?’s found above into (32), after passing also there to the limit ¢ — 0%, and
dropping again the superscripts “0”, gives
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d S ANBrE s oANBr s
SN M) = ZZKP(IU,O)P(LJ,O)(I = M)+ p(ilj, DPG, j, DM; )N; = pGjli, DN;M,|
JE
J#
kel jel
J#
+q(ilj, 0,k, 1DQG, j, 0, k, 1)1 = MMy + q(ilj, 1,k, 1)QG, j, 1,k, )M ij)N j
= (901, 1,4, M1 = M) + g1, 1., DM M )Ny | N (36)

The ODE system (34),(36) constitutes, for i € 7, a self-consistent compartmental model describing the evolution in time
of the macroscopic quantities N;, M; in terms of the microscopic information contained in the model parameter r and
functions p, g, P, and Q.

4.1 | The Homogeneous Case
A considerable simplification of the ODE system (34),(36) is obtained in the homogeneous case, that is, when one assumes
that the functions p, g, P, and Q depend on the compartment indices but are independent of the structuring variables,
that is,

P(J|19U1)EP(]|1), P(l,],U]) EP(19J)’

q(.]ll7 Ui’ k: Uk) = q(]ll’ k)7 Q_(l’ j7 ij ka Uk) = Q(L ja k)

In this case, recalling (4), we then find that (34) can be written in the form

dN; . . . . .

o = Z (pGIHN; = pGIDN;) + @ =r) )] Z (qGlj,k)Nj = q(jli,K)N;)N, i€ L. (37)
JET kel jel
J#i j#i

Notice that (37) is a self-consistent system in the unknowns Nj, i € I. In other words, in the homogeneous case the
evolution of the fractions of individuals is independent of that of the mean values of the compartment-specific structuring
variables. The same is not true in the general case (34), owing to the coupling produced by the inhomogeneous coefficients
p and g. This result makes it possible to assimilate (37) to a classical compartmental model of population dynamics. On
the other hand, unlike a classical compartmental model, the framework defined by (34),(36) still allows one to track the
evolution in time of the mean values of the compartment-specific structuring variables in consequence of the transitions
of the individuals between the various compartments. In fact, from (36), under the homogeneity assumption, we find

%(NiMi) =r[ Y pUINPG, HNj = (1= pGINNM; |+ (1 =r) Y Y (qGil), k)QG, j, kN — q(jli, KIN;M; )Ny, i€ T,
jeI kel jel
J#i J#i

which, developing the time derivative on the LHS and using (37), further becomes

dM; r (B 1-r . ~ .. ,
— =N X PUDPGED = M)N; + ——= ¥ ¥ qilj.k)(QG. j.k) = M;)NjNi, i€ (38)
tjer I kel jer
J#i J#i

We notice that when N; approaches 0 a singularity in (38) has to be expected. Moreover, we observe that the
RHS of (38) is linear in M; and, therefore, the existence of an endemic equilibrium (EE) (lek)l-el € (0, DN of (37)
implies straightforwardly the existence of a corresponding equilibrium (Ml.*)iel e [0, 1]V. In such a case, if (Ni*)iel is
asymptotically stable then (M i"‘)ie 7 inherits the same stability property.
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4.1.1 | Basic Reproduction Number R

In this section, we apply the Next Generation Matrix method [43-45] to derive the basic reproduction number R of the
ODE system (37). We remark that the construction presented here reduces the method to its most elementary building
blocks, which are the probabilities of leaving each infectious compartment and the probabilities of contaminating a
susceptible individual upon interacting with them. This way, we elucidate the structural microscopic origin of an aggregate
parameter as significant as R in the context of compartmental epidemiological models.

Without loss of generality, we assume that i = 1 corresponds to the Susceptible compartment. We focus on systems of
ODE:s of type (37) which possess only one Disease-Free Equilibrium (DFE) of the form

(Nl’ Nz, ey NN) = (1, 0, ey 0) (39)

Such systems are quite common in the literature, see Section 5 for specific case studies.
The entry (i, j) of the Jacobian matrix J of (37) is given by

Jij =r(pGlj) = ;) + @ =) D (qGll HN; = q(Uli, HN;) + Y, qGilj, ONQ =8 )= D Y q(Uli, k)N j |,
leT kel kel lel
1#i 1#i

where § is the Kronecker delta (cf. (22)). Evaluating at the DFE (39), this produces

J;j(DFE) = r(p(il)) - &) + (1 = 1) qGIL NA - 8,00 = 3 qlli, )i +qilj. DA =8, )) = Y qUIL DS, |
leT leT
i i

Next, we consider the submatrix J*(DFE) of J(DFE) determined by infectious or infection-related (such as, for instance,
Exposed, Asymptomatic, etc.) compartments and we seek a decomposition of the form

J*(DFE) = A — B,

where the matrix A has nonnegative entries and represents transmission, whereas the matrix B is invertible and represents
transitions. There is not a unique way to define these two matrices. However, considering their respective interpretations,
natural definitions for their entries are

Ay = Q- n|qlIL A -8 D qUli, )o;1 +qGilj, DA -8 )) = D q(lli, DS |,
let let (40)
I#i I#i

B;j :=r(8;; — p(il)))

for all i, j € T associated with infectious or infection-related compartments. Notice that, owing to (4a), Gershgorin first
theorem applied to the columns of B ensures that all the eigenvalues of B have strictly nonnegative real parts. Nevertheless,
the origin of the complex plane may be contained in each of the Gershgorin discs; hence, we do not know in general
whether B is invertible or not. A simple criterion ensuring invertibility is that there exists at least one noninfectious
compartment that can be reached with a spontaneous flow from each infectious compartment. This will be the case in all
the specific models we shall present in Section 5.

Assuming that B in (40) is invertible, the Next Generation Matrix method provides the basic reproduction number R as

Ro = p(AB™), (41)

where p denotes the spectral radius.

One of the most classical results on compartmental models is the global stability of the DFE under the condition R < 1.
In addition to this, the modeling framework based on (37) allows one to build compartmental models which exhibit both
forward and backward bifurcations at Ry = 1. In the former case, the DFE usually loses stability as R, becomes greater
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than 1, in favor of the stability of a (unique) EE. In the latter case, there exists a value RS € (0, 1) such that for R(*)' <
Ry < 1 the system exhibits bistability of DFE and EE as well as the existence of an unstable EE at the boundary of the
corresponding basins of attraction.

Another classical result is the existence of at least one EE when R, > 1. However, the modeling framework based on (37)
presented here can easily be adapted to at least one system which does not possess this characteristic, namely, the
celebrated SIR model. Under the assumption R > 1, SIR orbits are indeed heteroclinic to the set of null infection (see,
e.g., [5, Lemma 1] for a proof) and the system does not possess any EE. Consequently, we cannot conclude, in general, the
existence of any EE for system (37) without referring to specific cases or enforcing additional assumptions on the model
functions p, g, P, and Q.

5 | Case Studies

In this section, we demonstrate, through a few case studies, how different classical compartmental epidemiological models
can be derived from the ODE system (37), under appropriate choices of the microscopic parameter functions p, q, P,
and Q. In contrast to their classical counterparts, the models here derived comprise also a system of ODEs for the mean
values of the corresponding compartment-specific structuring variables, which is obtained from the ODE system (38), thus
providing a richer description of the dynamics of the epidemiological system considered.

For every case study, we specify the choices of the microscopic parameter functions p, g, P, and Q under which (37)
reduces to the ODE system of the classical model. Moreover, we compare numerical solutions and analytical results of the
ODEs of the macroscopic model with the results of Monte Carlo simulations of the underlying individual-based model,
and show that there is excellent agreement between them. This provides validation of the formal procedures employed in
Sections 3 and 4 to obtain first the IDE system (12) and then the ODE systems (37) and (38) from the individual-based model
governed by the system (6). Simulations were performed in MATLAB (version 2023a). The macroscopic ODE systems were
solved using standard numerical routines (i.e., ode45 in MATLAB 2023a), as they are low-dimensional and not stiff. By
contrast, due to large number of agents, Monte Carlo simulations of the individual-based model required more attention.
In particular, algorithms were implemented avoiding unnecessary loops and making use of vectorized operations, which
significantly improved efficiency. As a result, we were able to carry out simulations involving up to 10° agents per run on a
standard personal computer (12th Gen Intel(R) Core(TM) i7-1260P, 2.10 GHz, 12 cores, 16 logical processors, 16 GB RAM).
We note that more complex scenarios may require larger numbers of agents to ensure statistical convergence, in which
case additional computational resources would be beneficial.

For consistency with the extant literature, in each case study we use an alphabetic index set 7 rather than a numerical
one. For instance, in the case of three compartments of Susceptible, Infectious, and Recovered individuals, we set 7 =
{S, I, R} instead of T = {1, 2, 3}. Moreover, for consistency with (33), we choose V; = [0, 1] for alli € I. The values of key
parameters of the macroscopic models used in numerical simulations are provided in the captions of Figures 4, 6, and 8,
while the definitions of the model parameters and functions that are used to carry out Monte Carlo simulations of the
individual-based models are provided in Appendix B. Finally, the initial conditions for the fractions of individuals in the
various compartments are such that, consistently with (2), the following normalization condition holds:

D Ni(0)=1.

ie1

Since the macroscopic model and the underlying microscopic model are mass-preserving (cf. (35)), such a normalization
condition then holds for all ¢ > 0, that is,

Y Ni()=1 Vi>o.
iel

We notice that in all cases considered here the components of the unique DFE (cf. (39)), are Ng =1 and N j =0 forall
j €I withj#S.

5.1 | SIRS Model

Considering an SIRS system, we take N =3 and T ={S, I, R}. As per the diagram displayed in Figure 3, only the
following types of compartment switching occur: S — I (driven by the interaction between a susceptible and an infectious
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1—r)q(I|S,I)NsN,
@( Ja(I] )sz= N,

rp(R|I)N;y
rp(S|R)Nr
FIGURE 3 | Flow diagram of the SIRS model.

individual), I — R (spontaneous), and R — S (spontaneous). Therefore, the nonvanishing transition probabilities are
q(I|S,I), p(R|I), and p(S|R), whereas all the remaining p’s and g’s are zero. The ODE system (37) then reduces to

(N
d_tS =rp(SIR)Ng — (1 = r)q(|S,I)NsNy,
dN
3 d_tl = —rp(R|I)N; + (1 — r)q(I|S,I)NgNy, (42)
dN
_dtR = r(p(R|I)N[ - p(S|R)NR)'

In particular, the matrices defined via (40) are scalar quantities, that is,
A=A=1-r)qU|S,I), B=B=r(1-pd|l))=rpR|ID),
where the above expression for B follows from (4a), recalling that in this case p(S|I) = 0. Finally, through (41), we find

A _(@-=nqdls,Dn

RO == —

B rp(R|I)

This coincides with the basic reproduction number classically computed as the ratio between the rate at which susceptible
individuals become infectious and that at which infectious individuals become recovered, which from (42) are indeed
(1 = r)q(]S,I) and rp(R|I), respectively.

The DFE (Ng, Ny, Ng) = (1, 0, 0) is globally asymptotically stable when R < 1 (cf. [46]). Conversely, when R > 1 there
is a unique EE of components

S|R .
Nmh N PSR (1)

= -, = —_ =1—NX—N*,
S Ry I p(SIR) + p(RII) Ro R s

which is globally stable (cf. [47]).

Moreover, in this case the compartment-specific structuring variables can be interpreted as: (i) the level of resistance
to infection in compartment i = S; (ii) the level of viral load in compartment i = I; and (iii) the level of immunity in
compartment i = R. The evolution of their mean values is governed by the following ODE system, which is derived
from (38):

(dMs _ p(SIR)(P(S, R) — My)
dt r Ng Ng,
dM _
] d—tf = (1 -r)qU|S,1)(Q(,S,I) - M[)Ns, (43)
dMy _ pRIDER.D) - M)
dr Nz I

L

the equilibrium of which corresponding to the EE of (42) is
Mg = P(S,R), M; =Q,S,1), My, = P(R,D).

The plots in Figure 4 show a comparison between numerical solutions of the ODE systems (42) and (43) and the results
of Monte Carlo simulations of the corresponding individual-based model for the case where R > 1.
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0 L
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FIGURE 4 | SIRS model. Solid lines: numerical solutions of (42) (panel (a)) and (43) (panel (b)); circles: results of Monte
Carlo simulations of the individual-based model governed by (6) adapted to this case; dashed lines: analytical equilibria.
Relevant parameters: rp(S|R) = 0.05, (1 — r)q(I|S,I) = 0.2, rp(R|I) = 0.1, P(S,R) = 0.3, Q(I, S,I) = 0.4, and P(R,I) = 0.5. Hence,
R, = 2. Initial condition: (N(0), N;(0), Nx(0), Mg(0), M;(0), Mx(0)) = (0.98, 0.01, 0.01, 0.5, 0, 0.6). Monte Carlo simulations
are carried out using 10° agents and defining the model parameters and functions as detailed in Appendix B.1.

rp(S|P)N.
Ng |« (SIP)Ne /_ND > Ny

rp(P|T)Nr rp(R|Y) Ny

rp(T|I)Ny

FIGURE 5 | Flow diagram of the SIRS model with secondary infections. The infection rates between Ng and N;
(primary) and between Np and Ny (secondary) are omitted to avoid overcrowding.

5.2 | SIRS Model With Secondary Infections

Within the general formulation provided by (37), we can model systems exhibiting either forward bifurcations when
R = 1, such as the SIRS model presented in Section 5.1, or backward bifurcations. In the former case, one usually expects
global asymptotic stability of the DFE when R < 1, and global asymptotic stability of the EE when R, > 1. On the
contrary, in the latter case there exists a value Rg € (0, 1) of the basic reproduction number such that for Rg <Rp<1
the system exhibits bistability between the DFE and one EE along with a second unstable EE. This happens, for instance,
in the SIRS model with secondary infections [7], which can be recast in the form (37) with N = 6 compartments and
I={S,1, T, P,Y, R}. Specifically, besides the compartments i = S, I, R, three additional compartments are introduced:
(i) i = T, comprising the individuals that are temporarily immune after recovering from a primary infection; (ii) i = P,
comprising partly susceptible individuals that lost their transient immunity after recovering from a primary infection;
and (iii) i = Y, comprising the individuals that undergo a secondary infection. On the basis of the diagram of Figure 5, the
ODE system (37) particularizes to

(AN

d_tS = rp(S|P)Np — (1 = r)(qI|S,DNy + q(I|S,Y)Ny )N,
dNj

—+ = =rp(TIDN; +( = 1)(qUIS. DN + (IS, Y)Ny )N,
dNr

- = (P(TIDN; = p(PIT)NT),
J (44)

d

% = r(P(P|T)NT — p(S|P)Np + P(P|R)NR) -(1- r)(q(Y|P’ IN; + q(Y|P, Y)Ny)Np,
d% = —rp(RIY)Ny + (1~ )(q(Y|P,N; +q(Y|P,Y)Ny)Np,

dN
|2 = r(pRIY)Ny = p(PIR)NR).
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Since both i =T and i = Y are infectious compartment, in this case the matrices defined via (40) are

Ao (1 =-r)qU|s,.1) (1-r)ql|S,Y) B rp(T|I) 0
B 0 0 ’ B 0 rpRIY) )’

whence
(1 -r)qUlS,I) (1 -r)q|S,Y)

AB! = rp(T|I) rp(R|Y) ,
0 0

and consequently, through (41), we find

rp(T|I)

0=

Notice that the above expression of R does not depend directly on any transition probability related to secondary infec-
tions.

Moreover, in this case the additional compartment-specific structuring variables can be interpreted as: (i) the level of
temporary immunity in compartment i = T; (ii) the level of partial immunity in compartment i = P; and (iii) the level of
viral load following a secondary infection in compartment i = Y. The evolution of the mean values of the compartment-
specific structuring variables is in this case governed by the following ODE system, which is derived from (38):

dMs _ _p(SIP)(P(S, P) — Mg)Np

dt - NS ’
dM; qU1S,1)(QU, S, I) — M;)Ny +q(I|S,Y)(QU,S,Y) — M[)Ny
ar a0 N, Ns,
dM;  p(TID(P(T,I)— M)

=r Ny,
) Nz (45)

dMp _p(PIT)(P(P,T) - Mp)NT + p(PIR)(P(P, R) - Mp)Ng

dt Np ’
dMy q(Y|P,D(Q(Y,P,I) - My )Ny + q(Y |P,Y)(Q(Y,P,Y) - My Ny

a " Ny v
dMp _ PRIY)(P(R,Y) - Mg)

Tar Ni Y

Backward bifurcation for Ry =1 has been observed in many other epidemic models but mainly including demog-
raphy [48-51]. The modeling framework presented here, which instead does not account for birth and death
phenomena owing to global mass conservation (cf. (2)), can describe backward bifurcation as a consequence of simple
compartment switching.

The plots in Figure 6 show a comparison between numerical solutions of the ODE systems (44) and (45) and the results of
Monte Carlo simulations of the corresponding individual-based model, which indicate that convergence to the EE occurs
even though Ry < 1.

5.3 | SIRWS Model

We present now a model, also included in the framework (37), wherein interaction-driven compartmental switching does
not lead individuals to enter an infectious compartment. Specifically, to consider the SIRWS model [5, 52], we choose N =
4 and T ={S, I, R, W}, where the compartment i = W comprises individuals undergoing a “waning immunity” phase:
while in this compartment, interacting with an infectious individual boosts the immunity, which induces a switch back to
compartment i = R. Otherwise, an individual will eventually lose immunity completely and move to compartment i = S.

In [5, 52], the authors include demography, which we neglect here so as to recast their model in our framework. Following
the diagram depicted in Figure 7, we derive from (37) the following ODE system:
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FIGURE 6 | SIRS model with secondary infections. Solid lines: numerical solutions of (44) (panel (a)) and (45)
(panel (b)); circles: results of Monte Carlo simulations of the individual-based model governed by (6) adapted
to this case; dashed lines: analytical equilibria. Relevant parameters: p(S|P)= p(P|R) =0.5p(P|T), rp(P|T)=0.15,
(1 = r)q(|S,I) = 0.1225, q(I|S, Y) = 2q(I|S, I), rp(T|I) = 0.125, g(Y|P,I) = 2q(I|S,I), rp(R|Y) = 0.125, B(S,P) = 0.8, Q(, S,I) = 0.7,
QU,s,Y)=0.6, P(T,I)=0.85 PP, T)=08, P(P,R)=04, Q(,P,I)=0.6, Q(Y,P,Y)=0.5, and P(R,Y)=0.9. Hence,
Ro=0.98. Initial condition:  (Ng(0), N;(0), N7(0), Np(0), Ny(0), Nx(0), Ms(0), M;(0), M(0), Mp(0), My(0), Mp(0)) =
(0.91, 0.05, 0.01, 0.01, 0.01, 0.01, 0.2, 0.3, 0.8, 0.5, 0.9, 0.7). Monte Carlo simulations are carried out using 10° agents
and defining the model parameters and functions as detailed in Appendix B.2.

1—7)q(I|S, I)NsN
@( Ja(I] )SI=N1

rp(S|W)Nw rp(RII)Ny
) rp(W|R)Ng
Nw )‘ =( Ngr
(1 —7)g(RIW,I)Nw Ny

FIGURE 7 | Flow diagram of the SIRWS model.

(dN;
dt

dN
d_tI = —rp(R|I)N; + (1 = r)q(I|S,I)NgN7,

J (46)

dN
~ = "(PRIDN; = p(WIR)NR) + (1 = g(RIW, Ny N,

= rp(SIW)Nw — (1 —r)q(|S,DNsNy,

x% =r(p(WIR)Ng — p(SIW)Nw ) = (1 = )q(RIW, )Ny N.

The matrices A and B of this system are again scalar quantities, as it is the case for the ODE system (42), because only one
infectious compartment is present, that is,

A=A=(01-r)qd|S,I), B=B=r(1-pU|[D)) =rpRID).

The above expression for B follows from (4a) together with the fact that, in this model, p(S|I) = p(W|I) = 0. Through (41),
we find

o A _(=nguis.D
"B~ rp@RID

that is, the same basic reproduction number as that of the SIRS model.

Moreover, in this case the additional compartment-specific structuring variable can be interpreted as the level of immunity
in compartment i = W. The evolution of the mean values of the compartment-specific structuring variables is now

19 of 27

85UB017 SUOWIWOD BAIES1D 3ol dde 8y Ag pausenob a1e safo e YO ‘8sN JO S3|NJ Joy Aig 1 8UIIUO 8|1/ UO (SUOTIIPUOD-PUB-SLLBIW0Y A3 I AeJq 1 BUI|UO//:SANY) SUONIPUOD PUe SWB | 841 89S *[S202/80/ET] Uo Akl auljuo A8(1M ‘ ouLioL 1A 1jod Ba [4!g 1SS 0uLo L 1g 001Ud9)[0d - USO0 1 ealpuy Ag T600. Wides/TTTT 0T/I0p/W0d As 1M Azelq1Buljuo//Sdny o) pepeoumod 'z ‘G202 ‘0656.97T



governed by the following ODE system, which is again derived from (38):

-

aMs _ pSIWIEE, W) = My)
dt Ng W

% =(1-r)q|S,1(QU,S,I) — M;)Ng,
i 2 47
| dMe _ rpRIDPR.D = Mp) + (L= DaRIW.DQR, W, 1) - Mp)Nw (47)
dt Ny .
dMy _ p(WIR)P(W,R) ~ My)
dt Ny R-

\

Assuming that the fractions of individuals in each compartment tend asymptotically in time to the EE, say

(N g Nj, N, Ny,), we see from (47) that the corresponding mean compartment-specific structuring variables tend to

Mg = P(S,R), M| = Q(,S,I), M};, = P(W,R), and

. rp(RIDP(R,I) + (1 = r)gRIW,DQ(R, W,)Ny;,

R rp(R|II) + (1 - r)g(RIW, )N},

Since the SIRWS model admits periodic limit cycles, see [5, 52], we might observe periodic fluctuations in Mg, which
depends on Ny, while the mean values of all the other compartment-specific structuring variables, which are independent
of the fractions of individuals in the various compartments, converge to an equilibrium. To better investigate this
possibility, we look at the equilibrium value of My as a function of Ny,

rp(RIDP(R,I) + (1 — r)q(RIW,DQR, W, )Ny,
rp(RIN) + (1 = r)gRIW, DNy

Mg(Nw) =

and we compute

dMp
dNy,

Q(R, w, I) - P(R, I)
(rpRID) + (1 - gRIW, DNy )*

= r(1 - P)PRIDGRIW, D)

whence we discover that My, is strictly increasing or decreasing with respect to Ny, depending on the sign of Q(R, W, T) —
P(R,I). In particular, Q(R, W,I) > P(R,I) results in peaks of My while Q(R, W,I) < P(R,I) in dips of Mg. If instead
Q(R,W,I) = P(R,I) then My does not oscillate. Moreover, large values of Q(R, W, I) — P(R, ) result in large excursions of
Mpy, away from the equilibrium value M;. Nevertheless, we observe that the term N7 in the equation for My in (47) makes
the evolution of My quite slow if the epidemic is dormant, that is, N; = 0. Therefore, excursions away from M}’g can be
clearly observed only when N; grows sufficiently far from 0.

The plots in Figure 8 show a comparison between numerical solutions of the ODE systems (46) and (47) and the results
of Monte Carlo simulations of the corresponding individual-based model. Notice how My, reacts to the dips of Ny, which
coincide with the spikes of N representing consequent epidemic waves.

6 | Conclusions

We developed a general modeling framework for heterogeneously structured compartmental epidemiological systems. In
this framework, each compartment, labeled by an index i € 7, is structured by a specific continuous variable, v; € V;,
which represents the level of expression of a compartment-specific trait. The framework takes into account the effects of
structuring-variable switching (i.e., the fact that the levels of expression of the compartment-specific traits can evolve in
time) and compartment switching (i.e., the fact that individuals can transition between compartments), where the latter
can be both spontaneous or driven by interactions among individuals belonging to the same or different compartments.

We first formulated a stochastic individual-based model that tracks the dynamics of single individuals, from which we
formally derived the corresponding mesoscopic model, which consists of the IDE system (12) for the population density
functions, n;(¢,v;), of the various compartments at time t. We then considered an appropriately rescaled version of this
system, which is given by the IDE system (29), and we carried out formal asymptotic analyses to derive the corresponding
macroscopic model.
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FIGURE 8 | SIRWS model (without demography). Solid lines: numerical solutions of (46) (panel (a)) and (47) (panel
(b)); circles: results of Monte Carlo simulations of the individual-based model governed by (6) adapted to this case. Relevant
parameters: rp(S|W) =rp(W|R) =1/3100, (1 —r)q(I|S,I)=3/31, rp(R|I) =17/310, q(R|W,I) =10q(I|S,I), (1 —r)gR|W,I) =
30/31, P(S,W)=0.3, QU,S,I) = 0.4, Q(R,W,I)=0.9, P(R,I) = 0.4, and P(W,R) = 0.2. Hence, R, = 30/17. Initial condition:
(Ng(0), N;(0), Nx(0), Ny (0), Ms(0), M;(0), Mg(0), My, (0)) = (0.97, 0.01, 0.01, 0.01, 0.5, 0, 0.6, 0). Monte Carlo simulations are
carried out using 10° agents and defining the model parameters and functions as detailed in Appendix B.3.

The macroscopic model so obtained comprises the ODE system (34),(36) for the fractions, N;(t), of individuals in the
different compartments and the mean values, M;(¢), of the compartment-specific structuring variables. In this ODE
system, the dynamics of such macroscopic quantities are described in terms of the microscopic information contained in
the model parameters and functions. From the ODE system (34),(36), under the homogeneity assumption that the model
functions depend on the compartment indices but are independent of the structuring variables, we obtained the reduced
ODE systems (37) and (38), and then, employing the Next Generation Matrix approach, we obtained a general formula
for the basic reproduction number, R, in terms of key parameters and functions of the underlying microscopic model.
This illustrates how the modeling framework developed here makes it possible to draw connections between fundamental
individual-level processes and population-scale dynamics.

Moreover, we applied the modeling framework to case studies from classical compartmental epidemiological systems (i.e.,
the SIRS model, the SIRS model with secondary infections, and the SIRWS model) and, for each of them, we showed
that there is excellent agreement between the results of Monte Carlo simulations of the individual-based model and
both numerical solutions and analytical results of the macroscopic model. This validates the formal limiting procedures
employed to obtain the mesoscopic and macroscopic models from the underlying individual-based model.

Possible extensions of the present work include incorporating demography into the modeling framework, in order to take
into account proliferation and death of individuals in one or more compartments. This would require generalizing both the
individual-based modeling approach as well as the formal approach employed in this paper to derive the corresponding
mesoscopic and macroscopic models, since both approaches rely on the fact that the total number of individuals in the
system is conserved, which would not be the case if demography was incorporated. In the same vein, building, for instance,
on the methods employed in [53-55] in different application domains, an additional development of this work would be
to extend the individual-based modeling approach and the derivation methods employed here to the case where a spatial
structure is also included, in order to then investigate how the interplay between spatial movement and both structuring-
variable switching and compartment switching may impact on the evolutionary dynamics of epidemiological systems.

Moreover, while the modeling approach presented here is framed in an abstract context to highlight general properties,
it would be interesting to apply it to the study of the dynamics of specific infectious diseases. In particular, an additional
avenue for future research would be to explore the possibility to estimate the forms of the model functions based on data;
for this, techniques similar to those employed in [40, 56, 57] may prove useful. This would enable us to describe specific
dynamics of real-world diseases; for instance, we could incorporate the possibility of quarantining an infectious individual
with a high viral load by setting their probability of infecting other individuals to zero. This could be of particular relevance
for the recent COVID-19 pandemic, and could also be of interest in general for transmissible diseases for which quarantine
is a feasible and functioning form of control.

Finally, while our attention has been focused on the microscopic and macroscopic models, it would be relevant to consider
also the mesoscopic model defined by the IDE system (12). In this regard, it would be interesting to investigate possible
limiting regimes and conditions on the model terms under which the population density functions become unimodal or
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multimodal (i.e., the various compartments become monomorphic or polymorphic). For this, techniques similar to those
employed in [58-63] may prove useful. This would allow for further investigation into the mechanisms and processes
underpinning the emergence of interindividual and intracompartmental heterogeneity in epidemiological systems.
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Appendix A: Proofs of (17), (18)

Recall that the ©;’s, i € T, are independent Bernoulli random variables with parameters 6;At. We introduce the random variable

S = Z@i,

i€l
and we want to show that, for At small, it holds that P(& > 2) = o(At). Clearly,
P(©>2)=1-(P(©@=0)+P(&=1))
and, furthermore,

P@=0)=P0O;=0VieD)=][a-6a), P@=1)=) gar]]a-86;an.
i€l i€l jel1
J#i
Now, let p := Hiel(l — 6;At); then

logp = 2 log(1 - 6;At) = — Z O;At + o(At) as At — 0%,

iel iel
whence

p = elogP = ¢~ Lieg Gid+0(A) — q _ 2 0;At +o(At) as At — Ot
ie1
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Using this, we can also write

P@=1)=) eim<1 - D 6;Ar+ o(At))

i€l J#
=Y 6A =) Y 6,6;A1 +o(AL?)
i€l iel jel
j#i
= ) 6AL +o(A?)
iel

and finally

P& >2)=1- (1 - Z 0;At + o(Al) + Z 0;At + 0(At2)> =o(At) as At — 0%,

iel ie1
which proves the claim.

Appendix B: Definitions of the Parameters and Functions Used in Simulations of the Individual-Based Models

B.1 | SIRS Model

The model parameters and functions are defined as follows:
At=10"2, r=05 6;,=05Viel,

K;i(]|v;) := 8] —v) Yiel,

5j for i

0'25jR+0'85j1 for
0.1 5]5 + 0.9 5]R for

S,
p(ili,v) = p(jli) : i=1,
i=R,

0'46jl+0'65j5 for i=S, k=1,
q(]lia Ui, k’ UZ) = q(.]'l’k) :

8ji otherwise.

Moreover, the terms P(U},U, iv) = P(U},U, i) and Q(v;’|j, i,v, k,vp) = Q(v}’lj, i, k) which are relevant (i.e., either different from zero

or with j # i) for the present case study are defined as

“[0,1](11}’), for j=R,i=I,
P(U;-llj,l') =15
gﬂ[o,o.ﬁ](v}’) for j=S,i=R,
s . .
Q(U;,U,l, k) = Z‘“[O’o_g](v},) for J= k = I’ i=3S.

At the initial time ¢t = 0, the individuals in the various compartments are distributed according to the following distributions:

N;(0) .
n;(0,v;) = m“[o,zm(o)](ui), iel,
1

where the values of N;(0) and M;(0) are reported in the caption of Figure 4.

B.2 | SIRS Model With Secondary Infection

The model parameters and functions are defined as follows:
At=10"2, r=05 6,=05Viel,

K;i(/|v;) :==8(] —v) Yiel,
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6]5 for i=S
0.25 517‘ +0.75 611 for i=1I,
0.306;p +0.706; for i=T
s s JP JjT ’
p(jli, v) = p(jli) 1= 3
0155154'0855]13 for i=P,
0.25 5jR +0.75 5}Y for i=Y,
0.15 51P +0.85 5]R for i=R,
0245511 + 0755615 for i=S, k=1,
0490511 + 0510515 for i=S, k=Y,
q(jli, v, k,v) = q(jli k) :=40.4908y +0.5108p for i=P, k=1,
0.9805jy + 0.0205jp for i=P, k=Y,
8ji otherwise.

Moreover, the terms P(v;.’ lj,i,0) = P(v;.’ |j,i) and Q(v;.’ lj, 1,05k, 07) = Q(v;.’ |j, i, k) which are relevant (i.e., either different from zero
or with j # i) for the present case study are defined as

10 . .

ﬁ“[o,m](v;') for j=T,i=I,
210,161 (0) for j=P, i=T,
SCHVDRES Tjo,1.61(v}) for j=S,i=P,

To1g(0))  for j=R i=Y,

Al Ol ol oL

“[o,o.s](v;') for j=P, i=R,

ﬂ[0,1.4](U;-/) for J=k=[, l=S,

QW j,i,k) i=1 To12)@f)  for j=ILi=S k=Y,
o =

Al Nl gl

ﬂ[0,1,2](v;’) for j=Y,i=P, k=1,

‘“[0,1](03-/) for j=k=Y,i=P.

At the initial time ¢t = 0, the individuals in the various compartments are distributed according to the following distributions:

N;(0) .
n;(0,v;) = m“[o,zm(o)](vi), iel,
1

where the values of N;(0) and M;(0) are reported in the caption of Figure 6.

B.3 | SIRWS Model

The model parameters and functions are defined as follows:

At =0.0032, r=0.05, 6;=0.5Viel,

K;i![v) :=8(v] —v) Yiel, Viel,

5]»» for i=3S,
N N 0.5806 0,z +0.41948;;  for i=1I,
p(jli,v) = p(jli) =
0.0323 6]W + 0.9677 5]R for i=R,
0.0323 515 +0.9677 5]W for i=Ww,
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0.1019 5ﬂ + 0.8981 5j5 for i=8S, k=1,
q(jli,v;, k, v;(k) = q(jli, k) :=<0.5093 g +0.4907 § jyy for i=W, k=1,

) ji otherwise.

Moreover, the terms P(v;.’ lj,i,v;) = P(U;./ lj,i) and Q(v;.’ lj, i, v, k,0) = Q(v;.’ |j, i, k) which are relevant (i.e., either different from zero

or with j # i) for the present case study are defined as
E1] (Cl9) for j=R,i=1I
7 '10,0.8](Y; ) )
. 5 . .
P(U;.’U,l) = 51][0’0_4](0;’) for j=W,i=R,

5 . .
Fl0.060))  for j=5, i=w,
5 " ) )
" Z“[0,0_gl(vj) for _]=k=I, i=S,
QW)L k) == , ' .
51][0’1'8]@1) for j=R, i=W, k=1

At the initial time ¢ = 0, the individuals in the various compartments are distributed according to the following distributions:

N;(0) )
n;(0,v;) = m“[o,zm(o)](vi), iel,
1

where the values of N;(0) and M;(0) are reported in the caption of Figure 8.
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