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Abstract Heterogeneity in the number of potentially infectious contacts and connectiv-
ity correlations (“like attaches to like”, i.e., assortatively mixed or “opposites attract”, i.e.,
disassortatively mixed) have important implications for the value of the basic reproduc-
tion ratio Ry and final epidemic size. In this paper, we present a contact-network-based
derivation of a simple differential equation model that accounts for preferential mixing
based on the number of contacts. We show that results based on this model are in good
qualitative agreement with results obtained from preferential mixing models used in the
context of sexually transmitted diseases (STDs). This simple model can accommodate
any mixing pattern ranging from completely disassortative to completely assortative and
allows the derivation of a series of analytical results.

Keywords Preferential mixing - Epidemics - Final epidemic size

1. Introduction

Models of infectious disease transmission often assume homogeneous random mixing.
This implies that all individuals are equally likely to contact each other and, therefore, if
infected, are equally likely to infect susceptible members of the population. The availabil-
ity of more accurate data at the individual level, the collection of which has been partially
driven by the epidemics of HIV/AIDS (Liljeros et al., 2001; Jones and Handcock, 2003;
Catania et al., 1992; Anderson et al., 1990; Gupta et al., 1989), SARS (Lipsitch et al.,
2003; Hufnagel et al., 2004; Meyers et al., 2005), Foot-and-Mouth Disease (FMD; Fergu-
son et al., 2001; Keeling et al., 2001; Kiss et al., 2005, 2006a; Green et al., 2006; Kao et
al., 2006b), and the possibility of a world wide Pandemic Influenza (Eubank et al., 2004;
Ferguson et al., 2005), has highlighted the important role played by contact heterogeneity,
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spatial structure, and connectivity correlations. Differential-equation-based models can be
adapted to capture such properties and are amenable to a variety of powerful analytical
tools (Kiss et al., 2006b). Hethcote and Yorke (1984) proposed a model for the transmis-
sion of gonorrhea that distinguishes between very active and active individuals and de-
fines a mixing matrix that interpolates between the case of proportionate mixing and the
case when mixing or contact exclusively happens within the different groups. However,
their study was not aimed at investigating the implications of different mixing patterns for
epidemic dynamics and most of their results are based on the numerical integration of a
system of eight differential equations.

In the context of modeling sexually transmitted diseases (STDs) (Anderson and Gar-
nett, 2000), individuals and their interactions are often conveniently modeled as a network
where individuals are represented by nodes and potentially infectious contacts by links
between the nodes (Kretzschmar et al., 1996; Ghani et al., 1997). This approach allows
to accommodate contact heterogeneity and connectivity correlations in a straightforward
way. The network of sexual contacts has important implications for the dynamics of the
spread and control of STDs. For example, many control policies for STDs rely on the iden-
tification and control of ‘core groups’ of individuals with a large numbers of interactions
(Hethcote and Yorke, 1984; Kretzschmar et al., 1996). Connectivity correlations within
the contact network are equally important. The assortativeness of mixing (“like attaches to
like”) where individuals with similar activity levels are more likely to be in contact leads
to a faster initial spread and a smaller overall epidemic while disassortatively mixed (“op-
posites attract”) contact networks lead to a slower initial rise in the epidemic, but a much
larger epidemic over a long period of time (Gupta et al., 1989; Anderson et al., 1990;
Ghani et al., 1997).

Empirical evidence such as the correlation properties of the Internet (Pastor-Satorras
et al., 2001) has also led to the recent development of numerous network- and differential-
equation-based models (Boguiid et al., 2003a, 2003b; Newman, 2002, 2003; Moreno et al.,
2003; Barthélemy et al., 2005). Many of these models focus on the effect of connectivity
correlations on the epidemic threshold, initial growth rate, and hierarchical spread. For
example, it has been shown that epidemics on networks characterized by high variance
in node degree grow rapidly, and in the limiting case of infinite variance, the growth is
instantaneous independently of the mixing pattern (Boguiid et al., 2003a). A key ingre-
dient of differential-equation-based models that account for contact between and within
groups of individuals with various levels of activity (i.e., number of contacts) is the mix-
ing matrix. This provides information about the amount of contact within and between
groups. In many studies (Anderson et al., 1990), the mixing matrix, that is subject to
some constraints, is chosen in some convenient way to reflect a desired mixing pattern.
In this paper, starting from a contact network representation of the population, we pro-
pose a compartmental model that accounts for preferential mixing based on the number
of contacts that individuals have. We extend the simple SIR (susceptible, infectious and
recovered) model to the case of two groups with different levels of activity and a mixing
pattern that can be tuned to vary from completely disassortative to completely assortative.
We show that results based on this simple model are in good qualitative agreement with
results obtained from models used in the context of STDs and with other individual-based
simulation models (Kiss et al., 2008). We also derive a series of analytical results that are
difficult to obtain from more detailed compartmental models or complex individual-based
simulations.
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2. Model
2.1. Population mixing model

Connectivity correlations are based on the number of contacts that individuals have.
Hence, in the simplest case, the population is divided into poorly and highly connected in-
dividuals. Let N, and Ny denote the number of poorly and highly connected individuals
with k and ok connections per individual respectively, and with o > 1 (Kao, 2006a). The
total population size is denoted by N = N, + Ny, and f = NT” denotes the proportion of
highly connected individuals out of the total population. Hence, % =1— f. The average
number of connections per individual is given by

_ kNL+(7kNH

(k) = Nt N, (D

If contact would occur at random then the probability of connection between two individ-
uals is proportional to the product of their degree (i.e., proportionate mixing). However,
we wish to model the situation when individuals in one particular group may or may
not preferentially mix with or contact individuals of the same type. To accommodate this
preferential mixing, we assume that a proportion 0 < a < 1 of all contacts within the
population occur between highly connected individuals. Similarly, let 0 < b < 1 represent
the proportion of contacts between individuals that are less well connected. Therefore,
0<1—a—b <1(= a+b <1)represents the proportion of contacts between poorly and
highly connected individuals. This leads to the following definitions for the connection
correlations within the population:
1—a—->

b
PULIL) =1 PHIL) = ——"> 2

and

PLIHY =22 pH) = ¢ 3

(LIH) = ———. (H|H) = 7. 3)
The conditional probabilities defined in Egs. (2) and (3) are bounded below by zero and
from above by one and they satisfy P(L|L)+ P(H|L)=1and P(L|H)+ P(H|H) = 1.
This means that all links starting at a highly connected individual will connect to poorly
connected individuals with probability P (L|H) and to highly connected individuals with
probability P(H|H). Based on the connectivity correlations, we can define a mixing ma-
trix that allows us to measure the level and type of mixing within the population

H

L
L b 1—a—b
H ( l—a—b 621 > =E. 4)

The entries of the matrix (e;;) represent the proportion of connections/links within and
between the two different subgroups. Let the sum of the rows and columns be denoted by
o = ZjE{L my€ij and B = Zie{L_H} e;j, respectively, and with i, j € {L, H}. To quantify
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Fig. 1 Tllustration of M, defined in Eq. (5), as a function of a and b such thata +b < 1.

the level of mixing within the population, consider the assortativity coefficient (Newman,
2002, 2003) defined as

Diew.m i ~ Licw.m %iBi _a+b— ()2 — (12
=2 . m@ibi 1 — (I=gtb)2  (Liazhy2

e [-1,1]. )

M =

The assortativity coefficient expresses the degree to which like connects to like. For ran-
dom or proportionate mixing, this formula gives M = 0, since ¢;; = a; 8;. If contacts hap-
pen only between individuals belonging to the same subpopulation (assortatively mixed
population), then » ., ;e =1 and M = 1. If contacts happen only between indi-
viduals that belong to different subpopulations (disassortatively mixed population), then
ei=0and M =—3%, ; yyifi/(1 =3 ;1 i Bi), which lies in general in the range
—1 <M <0.In Fig. 1, M is plotted as a function of a and b restricted toa + b < 1. If
a=>, then M =4a — 1 and M spans from —1 to 1 along the first diagonal a = b. If
a+b=1, then M = 1 with complete assortativity and with the population fragmented
into two noninteracting subpopulations. Different combinations of a and b can result in
the same value of M.

2.2. Disease transmission model

Individuals from the population are divided into compartments according to one of three
states of disease progression: susceptible (S(— S., Sy)); infected and infectious (I (—
I, Iy)); and, finally, removed nodes (R(— R, Ry)), which are no longer infectious or
they are immune. Within this mixing model, any individual can infect any other individual
provided that the mixing model allows for contact. For example, for any choice of a and b,
such that a + b = 1, it follows that M = 1, and in this case the population consists of two
noninteracting subpopulations. Therefore, transmission is not possible between poorly
and highly connected individuals. Based on these assumptions, we have the following
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system of differential equations:

dSL IL IH

— = —tkS;| P(LIL)— + P(H|L)— |, 6
. T L((|)NL+ ( I)NH> (6)
dSH IL IH

—— = —10kSy| P(LIH)— + P(H|H)— |, 7
7 T0 H( (L] )NL+ (H| )NH> (7
dIL IL IH

— =tkS; | P(LIL)— + P(H|L)— | — v, 8
prd L<(|)NL+ ( I)NH> 120 ®
dIH IL IH

— =10kSy| P(LIH)— + P(H|H)— | — y 1y, 9
o = ° H<(| )NL+ (H| )NH> 20 ©
Ry _ (10)
di =ViL,

dRy

— = =y, 11
dr Vig (11)

where t is the per contact rate of transmission and y is the recovery rate. The right-
hand side in Eq. (8) describes the creation of new infections and is proportional to the
transmission rate 7, the number of contacts k of poorly connected susceptible individuals,
the number of susceptible individuals with k£ connections, and the probability that any
given neighbor of a susceptible individual with k connections is infected. The formulation
for such type of heterogeneous contact follows from that of Anderson and May (1991)
for sexually transmitted diseases. A similar approach is used when modeling correlated
complex networks (Boguid et al., 2003a, 2003b; Barthélemy et al., 2005). In this present
model, following May and Lloyd (2001), it is assumed that contacts switch at a rate that
is much faster than the rate at which disease spreads, and thus infection does not result
in the loss of one susceptible neighbor upon becoming infectious. Therefore, in this case,
the network is dynamic and infection over the network does not result in the loss of a
susceptible partner. Equations (6) to (11) are nondimensionalized using N to scale all
variables and 1/y to scale time. We note that it is sufficient to consider the first four
equations since the values of R; and Ry are determined by the values of the other four
variables. Hence, the reduced system is given by

dSL . .

- =—tsy(apip +ayriy), (12)
ds . .

d—tH = —tsylarpi; +angnin), (13)
di . . .

d_tL =7tsy(apLip +agripg) —ig, 14
dig . . .

—— =tsy(larpii +appin) — iy, (15)

dt
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where
kP(L|L) kP(H|L)
a = 0, a =,
T ya-n Ty 16
ko P(L|H) ko P(H|H)
a = a =
T ya—- i vf
3. Results

3.1. The basic reproduction number R

Following van den Driessche and Watmough (2002), we note that only compart-
ments i; and iy are involved in the calculation of Ry. At the disease-free equilibrium
(sL,Su,ir,ig) = (1 — f, f,0,0) the rate of appearance of new infections F and the rate
of transfer of individuals out of the two compartments V are given by

ir iy ir iy
i (TkP(L|L) HEHIDOZD ii (v 0 17
F=ig \eewms orpim ) V=i (0 V>' o

The basic reproduction number Ry is defined as the leading eigenvalue of the next gener-
ation matrix FV~!. Solving the resulting quadratic equation the leading eigenvalue, and
hence Ry is given by

Tk
Ry=-—(P(LIL)+ o P(H|H)
2y

+\/(P(L|L)—oP(H|H))2+4(7P(L|H)P(H|L)). (18)

High values of o denote high levels of heterogeneity with a considerable difference be-
tween the number of connections of individuals in the two subpopulations. Higher number
of connections lead to a higher number of individuals being infected by an index case and,
therefore, to a higher value of Ry. This is illustrated in Fig. 2 where contour plots of Ry
are given for increasing values of o while keeping all disease spread and disease progres-
sion related parameters constant. We note that varying the proportion of contacts linking
highly connected individuals, a, has a higher impact on R, compared to varying b. Fig-
ure 2 also illustrates how higher levels of assortativity (i.e., in Fig. 2 the region close
to a + b = 1) lead to higher values of Rj. Therefore, for the same disease, an outbreak
is more likely to happen if the population is assortatively mixed. At the individual level
highly connected individuals preferentially connect to other highly connected individu-
als and this leads to a high number of secondary infections generated by an initial index
case. The type of the index case (i.e., poorly or highly connected) becomes important in
a stochastic formulation where the initial phase in the spread of the disease is crucial.
For example, stochastic extinction is more likely to happen if the seeding occurs solely in
the poorly connected group. However, in the deterministic continuous formulation, even
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a

Fig. 2 Based on Eq. (18), R plotted as a function of @ and b for 0 =5,9, and 11, and f = 0.25,0.125,
and 0.1 in (a), (b), and (c), respectively. For all plots, 7k/2y = 0.15. Dotted lines from left to right show
the various levels of mixing M = —0.7, —0.3, 0, 0.3, 0.7.

weak coupling between the two groups means that an epidemic will be sustained provided
R() > 1.
The transmission potentials within the individual subpopulations can be defined as

oL = ’y—k and py = T;Lk These represent the number of secondary infections produced
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by a single infectious individual during its infectious period when introduced into a fully
susceptible subpopulation. The basic reproduction number R has a similar definition but
the index case is weighted according to the probability of it itself becoming infected. In
the case of noninteracting subpopulations the transmission potentials are equivalent to Ry
within the subpopulation. Then R, can be written in terms of the transmission potentials
to give

1
Ry = E(pLP(L|L) +puP(H|H)

+ (P P(LIL) — oy PCHIH))* + 4010 P(LIH)P(HIL)). (19)

The limit of M = —1 represents a disassortatively mixed population meaning that
there are no within subpopulation connections. Therefore, (P(L|L) = P(H|H) =0,
P(L|H)= P(H|L) =1) and Ry in this case is given by

Ro= /pip7. (20)

This represents the geometric mean of the individual basic reproduction numbers corre-
sponding to individual subpopulations. Hence, a complete cycle of infection from poorly
to highly connected individuals and then back again, results in p;py new infections
(Diekmann and Heesterbeek, 2000). If M = 1, the population is divided into two distinct
and noninteracting subpopulations (P(L|H) = P(H|L) =0, P(L|L) = P(H|H) =1)
and the basic reproduction number is given by

1
Ry = 3 max(p; + pr £ (o — pr)). 2D
In the current setting, since o > 1, the basic reproduction number Ry = py since py > py.
3.2. Epidemic dynamics

In the case of Ry > 1, the dynamics of the outbreak is illustrated in Fig. 3 by plotting the
proportion of infected (and infectious) individuals (i, and iy) as a function of time. These
plots are based on numerical solutions of the system of differential Egs. (12) to (15) using
the fourth-order Runge—Kutta method. The relation between Ry and M (see Fig. 2) allows
to choose a and b so that either Ry or M can be kept constant when comparing different
scenarios. The top panel corresponds to the case when Ry is constant independently of
the mixing pattern M = £0.5. The lower panel corresponds to the situation where Ry
is not controlled for, but is rather the result of the interaction between disease charac-
teristics and population contact structure. This in effect corresponds to the same disease
spreading on populations with different mixing patterns. When the population is assor-
tatively mixed, highly connected individuals become infected at a faster rate than poorly
connected individuals. This is also true for the case considered in Fig. 3a even though
this case corresponds to a situation where the mixing pattern is adjusted to keep R, the
same. There is also a significant difference between how quickly an epidemic spreads and
how long it lasts for (Fig. 3b). Epidemics on assortatively mixed populations have a fast
turnover when compared to the disassortatively mixed case. Epidemics on disassortatively
mixed populations are slow to take off and their turnover time is also longer.
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Fig. 3 Proportion of the population infected as a function of time for disassortatively (solid lines)
and assortatively (dashed lines) mixed populations. Cumulative proportion (thick lines, i; + ig) and
proportion of poorly (thin black lines, i7) and highly connected (thin grey lines, ig) individuals
that are infected are all illustrated. For both (a) and (b), k =3, o0 =5, f = 0.25, y ~ 0.286,
and t = 0.085. The level of mixing for disassortatively and assortatively mixed populations is
M =-0.5(a=0.31,b=0.01) and M =0.5 (a =0.21,b = 0.57) (a), and M = —0.8 (@ = b =0.05)
and M = 0.8 (a = b = 0.45) (b). The basic reproduction number is Ry = Rg‘sa“ = RSSS = 2.5 with
Fdisass (00) = 0.43 + 0.24 = 0.67, rass (00) >~ 0.29 + 0.24 = 0.53 (a), and Rgisass =2.0 and R3* =37
with rgigass (00) 2 0.42 4+ 0.23 = 0.65, rass (00) 2~ 0.25 4+ 0.24 = 0.49 (b).

3.3. Final epidemic size

The severity of an epidemic outbreak is well characterized by the final epidemic size
r(00) =r® =rp(00) +ry(0c0) =r°+ry’ and we derive analytical results in the form of
a family of parametric equations that link the final epidemic size and the two transmission
potentials. For ease of notation, Egs. (12)—(15) are rewritten to give

jm = —TSn Z Apmin, (22)
ne{L,H}
Im = TSm Z Anmin — In, (23)

ne{L,H}
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with m € {L, H}. By using the following notation,

I =T Y aunin, me{L, H) (24)
ne{L,H}

and by integrating Eq. (22) with initial conditions s;(0) = N, /N and sy (0) = Ny /N,
we obtain

(=®u (1), mel{L, H}, (25)

(t) _ Nm
Sy (t) = N
where
qﬁm(t):/ An(s)ds, me{L, H}. (26)
0

Here, for consistency of notation, N /N and Ny /N are used instead of (1 — f) and f.
By adding Egs. (22) and (23) and integrating from 0 to oo, it follows that

r°°=/ooim(S)ds, me{L, H}. @n
0

m

Nm

This is obtained upon using 7,,(00) =i,° = 0 and that s,,(c0) = 55’ -

{L, H}. Considering the limit of # — oo in Eq. (26), it follows that

o0
—ry form e

D, (00) =P = 1'/ Apmin (8)ds
>

ne{L,H}
=1 Z a,,m/ i,(s)ds=r1 Z An?y° (28)
ne{L,H} ne{L,H}

. . . Ny . .
Taking into account again that s> = =2 — r;° for m € {L, H} and using Eq. (25) in the
limit of + — 00, we obtain

= (L exp(~ ), me (L, H) (29)
and
N’n
r® =X 4y = Z (1 —exp(—@y)). (30)

Combining Eqgs. (28) and (29), we obtain an implicit formula for @:° (m € {L, H})

=T Y a,,m “(1—exp(—@)), melL, H). (31)

ne{L,H}
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Fig. 4 Final epidemic size as a function of the transmission potentials for (a) disassortatively-mixed
(a=b=0.05— M = —0.8) and (b) assortatively-mixed (¢ = b = 0.45 — M = 0.8) populations. The
case of f =0.25 is considered here.

Combining Eq. (30) and the rearranged version of Eq. (31) and upon using the notations
given in Eq. (16), the following parametric equations are obtained:

N, N
re (05, &) = WL(l —exp(—2°)) + WH(l —exp(—2F)), (32)
o (03, 0F) = i SCE)
P(LIL)(I — exp(=®§)) + P(H|L)(I — exp(= @)
@OO
pr (@, @FF) 5 (34)

T PILIH) (1 —exp(—05)) + P(HIH)(1 — exp(— @)

In Fig. 4, based on Egs. (32) to (34), plots of the final epidemic size (»*°) are given for
a range of transmission potentials for disassortatively- and assortatively-mixed popula-
tions. We separately consider the case of small and large final epidemic size and discuss
the dependence of »* on the values of the transmission potentials. For assortatively-mixed
populations (Fig. 4b), an initial perturbation results in small final epidemic sizes for trans-
mission potentials that are smaller than those required to generate the same final epidemic
size on disassortatively-mixed populations (Fig. 4a). However, for large final epidemic
sizes, the opposite is true. In this case, for disassortatively-mixed populations (Fig. 4a),
large final epidemic sizes are obtained upon using transmission potentials that are smaller
than those required to obtain the same final epidemic size on assortatively-mixed popula-
tions (Fig. 4b).

The final epidemic size is now considered based on numerical solutions of the differ-
ential equations given by Eqs. (12)—(15). In Fig. 5a, the final epidemic size is plotted as
a function of the per contact transmission rate 7 for a range of different levels of mixing.
We note that initially the disease is seeded in both poorly and highly connected groups
(ip and iy). This is especially important when the system consists of two noninteracting
subpopulations (M = 1). This situation is captured by the step-like final epidemic size
curve. For small values of 7, this curve exclusively represents the highly connected sub-
population where R(fl = py > 1 while Ré = pr < 1. The value of t for which p; =1
corresponds to the step-like transition. When t is large enough, p; becomes greater than
one and the disease can spread in both subpopulations. The mixing pattern of the popula-
tion has considerable effect on whether an epidemic outbreak will happen. Assortatively
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Fig. 5 Final epidemic size as a function of the per contact transmission rate t (a) and basic reproduction
number Ry (b) for M = —1.0,—0.8, ..., 1.0 from right to left (a) and left to right (b). The case of a = b
is considered here with k =3, 0 =5, f = 0.25 and a value of y >~ 0.286. (c) Final epidemic size based
on individual network simulation for disassortatively mixed (dashed line, M ~ —0.2, —0.10, —0.05), ran-
dom (solid line, M =~ 0) and assortatively mixed (dot-dashed line, M ~ 0.05, 0.10, 0.20) networks versus
probability of transmission (T = 7/(t + )). Simulation based on networks with N = 10000 nodes and
degree distribution p(l) ~~%¢~!/L with L = 100 and & =2.5.
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mixed populations are more prone to epidemic outbreaks and disease spread requires a
lower infectious rate than on disassortatively mixed populations. The final epidemic size
as a function of the basic reproduction number (Fig. 5b) for different levels of mixing
illustrates that values of Ry > 1 result in larger epidemics on disassortatively mixed pop-
ulations. Hence, assortatively mixed populations are more prone to epidemics, but expe-
rience smaller epidemics than disassortatively mixed populations. In Fig. 5c, we show
plots of the final epidemic size based on the simulation of an SIR model on networks
with N = 10000 nodes and with different levels of mixing (see Kiss et al., 2008). Net-
works are generated based on a link rewiring algorithm (Newman, 2003) that conserves
the degree distribution, but allows to tune the level of mixing within the network. At least
qualitatively, there is good agreement between the results based on the simple model and
simulation results. Results from both models show a faster initial spread if mixing is as-
sortative, and for high enough transmission rates, a higher final epidemic size if mixing is
disassortative.

In the limit of 7 — o0, it is possible to derive analytical results for the final epidemic
size. This analysis is motivated by the tendency of faster convergence of the final epidemic
size to full population size for increasing values of M (Figs. 4 and 5). Based on Egs. (28)
and (29), the final epidemic size r(0c0) = r;(00) + ry(00) is determined by the original
ODE system through

rp(oo) = (1 — f)[l - eXP(_f(aLL"L(OO) +ayLru (OO)))], (35)
ri(00) = f[1 —exp(—t(aLurL(00) + annry(c0)))]. (36)

These implicit equations determine the value of 7, (00) and rg (c0). The nonlinear system
given by Egs. (35) and (36) can be solved numerically by using Newton iteration. There-
fore, the final epidemic size can be computed without solving the differential equations.
However, the nonlinear system cannot be solved explicitly, thus the qualitative properties
of the final epidemic size curves in Fig. 5 are difficult to explain by using Eqgs. (35) and
(36). In the limit of large t, however, it is possible to derive explicit approximating for-
mulas for r; (00) and rg (00). Let us introduce two new variables X, Y instead of r; (00)
and ry (00) such that

ri(eo) = (1= N[l = Xexp(—pp)],  ru(00)=f[1 = Yexp(—pw)]. (37

Substituting these expressions into Eqgs. (35) and (36) and upon using Eq. (16) and recall-
ing that p;, = ’y—k and py = ";—k the following equations are obtained

a—>b
exp(—pL) X + pp ————exp(—pn)Y |, (38)
l1—a l1—a

X =cg exp(pL

a
1-b

l—a-—-»b
Y=cn eXP(PH exp(—poL) X + ou eXP(—,OH)Y>a (39)

1-b
where ¢, =exp(p, (1 — P(L|L)— P(H|L))) and cy = exp(py (1 — P(L|H) — P(H|H))).
From Egs. (2) and (3) follows that 1 — P(L|L)— P(H|L)=1—P(L|H)— P(H|H) =0,
and hence c¢; = cy = 1. Using this in Egs. (38) and (39), the following nonlinear system
for X and Y is obtained

X = EXp(an + b12Y), Y = exp(b21X + bzzY), (40)
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where

b l—a—-5>b
by =pL exp(—pL), by = pp————exp(—pn), 41
1—a 1—a

l—a-»b
exp(—pL), by = py exp(—pn). 42)

a
by = _
21 = PH 1—b 1—b

When 7 — o0, the transmission potentials p, and py tend to infinity. These new vari-
ables, however, allow to relocate this singularity to b;; — 0 as T — oo. Hence, we look
for the solution (X, Y) of system (40) in the form of a power series around zero. Thus, let
us substitute the following expansions:

X =1+ciby +ciabiz + ca1by + cby +hoo.t.,
Y =1+d\ by +diobiy +daby +dnby +ho.t.

into equations given by (40). Using the expansion of the exponential function and equating

the coefficients of b;;, we obtain

ci=1, cp=1, ¢ =0, ¢ =0,

dll=07 d12=0, d21=15 d22=1'
Hence, the first order approximation of the solutions of system (40) is
X =1+by +by, Y =1+by + bap.

Substituting these expansions into Eq. (37) and using Eqgs. (41) and (42), the following
approximating formulas are obtained:

exp(—2pL)

b
rr(00) = (1 — f)[l —exp(=pL) = pL—

l—a-b>b

- oL exp(—pL — PH):I»

1—a
a

ry(00) = f[l —exp(—png) — Pﬂm exp(—2px)

l—a—-»b

e

exp(—pL — PH)]~

Adding these two equations and using py = op, we note that for large v and ¢ > 3 the
term exp(—pp) is negligible with respect to exp(—p.). Therefore, we obtain

r(eo)=1—0—=flexp(—=pr) = (1 = foL

] exp(—2pL) + h.o.t. (43)
—a
where h.o.t. stands for terms smaller than exp(—2p;).
The approximation given in Eq. (43) is in good agreement with the exact solution of the
final epidemic size obtained using Newton’s method (Fig. 6a). When a = b (as in Fig. 5)
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0.1 0.2 0.3 0.4 0.5
T

Fig. 6 (a) Illustration of the approximating formula given by Eq. (43) (dashed lines) versus numerical
solution (continuous lines) for M = —0.8 (black lines) and M = 0.8 (grey lines) (b) Illustration of the
approximating formula given by Eq. (44) (dashed lines) with increasing number of terms versus numerical
solution (continuous line) for M = 1.0. For both (a) and (b), k =3, 0 =5, f =0.25, and y ~ 0.286.

from Eq. (43), we observe that r(co) depends monotonically on M. This is justified by
noting that in this case

b M+1 4
l—a M-3 M-3

and this is a decreasing function of M € [—1, 1]. Hence, the approximation is in good
agreement with the numerical results presented in Fig. 5 and shows that the final epidemic
size approaches one more rapidly when the population is disassortatively mixed.

In a similar way, higher order approximations can be derived for r(c0). As an ex-
ample, we show a fourth order one in the case of a + b = 1 (this is the case when the
approximations take relatively simple forms). For o > 5, the approximation is

3 8
r(eo)=1—¢D —cD?— EcD3 - ch4+h.o.z. (44)
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where ¢ = (1 — f)/pL, D = prexp(—pr) and h.o.t. stands for terms smaller than
exp(—4p.). The higher order formula give better approximations of r(co) for smaller
values of 7 and this is illustrated in Fig. 6b where the approximation is plotted by increas-
ing the number of terms in the approximation from one to four.

4. Discussion

Starting from a network representation of the contact pattern within a population, we have
derived and analyzed a compartmental model that can capture preferential mixing. Such
simple models provide a convenient and analytically tractable way to capture properties
of the contact network that can have significant implications for disease transmission and
control. We considered the simplest division of the population into poorly and highly
connected individuals. However, our model can be easily extended to account for a more
heterogeneous population provided that the connectivity correlations are also extended is
some convenient way. The present model is flexible in that if connectivity correlations can
be measured or estimated, then the model can be formulated in terms of real data and can
be used to guide analyses concerning the potential for an epidemic outbreak.

The result derived from this simple model are in good qualitative agreement with re-
sults obtained from models used in the context of STDs (Gupta et al., 1989; Anderson
et al., 1990; Kretzschmar et al., 1996; Ghani et al., 1997). The model results accurately
show that assortatively mixed populations are more prone to epidemic outbreaks when
compared to disassortatively mixed populations and that the value of Ry is considerably
higher when mixing within the population is assortative. However, the final epidemic size
is smaller in assortatively mixed populations than in disassortatively mixed ones. This
shows that depending on the mixing within the population, high values of R, can lead to
epidemics that spread quickly but with final epidemic sizes that are small (i.e., assorta-
tively mixed) and small values of Ry can result in epidemics with a slow timescale, but
infecting a considerable proportion of the population (i.e., disassortatively mixed). Hence,
during an epidemic, an estimate of Ry with no further information about the population
contact structure cannot provide an accurate prediction about the outcome of an epidemic.
For example, consider the case of assortative mixing when the proportion of highly con-
nected individuals (f) varies. In Fig. 7, based on numerically solving Egs. (35) and (36)
by using Newton iteration, the final epidemic size is given as a function of R, for differ-
ent values of f. From Fig. 7 follows that the presence of a highly connected core group,
even if very small, leads to large values of Ry that can only generate smaller and smaller
final epidemic sizes as f decreases (Diekmann and Heesterbeek, 2000). For high levels
of assortative mixing when the noninteracting subpopulation regime is approached and
for f close to one, the final epidemic size approaches the result that is obtained from the
standard SIR model.

By using individual-based stochastic network simulations and purely based on numer-
ical results, Kiss et al. (2008) has obtained results that are qualitatively equivalent (Fig. 5).
However, here analytical results allow us to identify a more precise relation between the
mixing pattern and epidemic characteristics. Our results show that population contact
structure and disease dynamics can interact in nontrivial ways and must be considered
concurrently. The present model could also provide a basis for incorporating epidemic
control measures (e.g., vaccination) with the aim of investigating the implications of the
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(o]

Fig. 7 Final epidemic size as a function of R for different values of f. Open circles (o) denote the
final epidemic size corresponding to the standard SIR model. In this case, M = 0.8, k =3, 0 =5, and
y =~ 0.286.

population contact structure properties for the effectiveness of various epidemic control
measures.

Acknowledgement

The authors thank the reviewers for their careful consideration of the paper and their
helpful comments, and O. Diekmann for useful discussions.

References

Anderson, R.M., Garnett, G., 2000. Mathematical models of the transmission and control of sexually
transmitted disease. Sex. Transm. Dis. 27, 636-643.

Anderson, R.M., Gupta, S., Ng, W., 1990. The significance of sexual partner contact networks for the
transmission of HIV. J. AIDS 3, 417-429.

Anderson, R.M., May, R M., 1991. Infectious Diseases of Humans: Dynamics and Control. Oxford Uni-
versity Press, London.

Barthélemy, M., Barrat, A., Pastoras-Satorras, R., Vespignani, A., 2005. Dynamical patterns of epidemic
outbreaks in complex heterogeneous networks. J. Theor. Biol. 235, 257-288.

Boguid, M., Pastor-Satorras, R., Vespignani, A., 2003a. Absence of epidemic threshold in scale-free net-
works with degree-correlations. Phys. Rev. Lett. 90, 028701.

Boguid, M., Pastor-Satorras, R., Vespignani, A., 2003b. Epidemics spreading in complex networks with
degree correlations. In: Pastor-Satorras, R., Rubi, J.M., Guilera, A.D. (Eds.), Statistical Mechanics of
Complex Networks, Lecture Notes in Physics, vol. 625, pp. 127-147. Springer, Berlin,

Catania, J.A., Coates, T.J., Kegels, S., Fullilove, M.T., 1992. Condom use in multi-ethnic neighborhoods
of San Francisco: the population-based AMEN (AIDS in Multi- Ethnic Neighborhoods) study. Am. J.
Publ. Health 82, 284-287.

Diekmann, O., Heesterbeek, J.A.P., 2000. Mathematical Epidemiology of Infectious Diseases: Model
Building, Analysis and Interpretation. Wiley, New York.

Eubank, S., Guclu, H., Kumar, V.S.A., Marathe, M.V,, Srinivasan, A., Toroczkai, Z., Wang, N.,
2004. Modelling disease outbreaks in realistic urban social networks. Nature 429, 180-184.
doi:10.1038/nature02541.


http://dx.doi.org/10.1038/nature02541

Preferential Mixing Model 905

Ferguson, N.M., Donnelly, C.A., Anderson, R.M., 2001. The foot-and mouth epidemic in Great Britain:
pattern of spread and impact of interventions. Science 292, 1155-1160. doi:10.1126/science.1061020.

Ferguson, N.M., Cummings, D.A.T., Cauchemez, S., Fraser, C., Riley, S., Meeyai, A., lamsirithaworn,
S., Burke, D.S., 2005. Strategies for containing an emerging influenza pandemic in South East Asia.
Nature 437, 209-214. doi:10.1038/nature04017.

Ghani, A., Swinton, J., Garnett, G., 1997. The role of sexual partnership networks in the epidemiology of
gonorrhea. Sex. Transm. Infect. 24, 45-56.

Green, D.M., Kiss, I.Z., Kao, R.R., 2006. Modelling the initial spread of foot-and-mouth disease through
animal movements. Proc. R. Soc. B 273, 2729-2735. doi:10.1098/rspb.2006.3648.

Gupta, S., Anderson, R.M., May, R.M., 1989. Networks of sexual contacts: implications for the pattern of
spread of HIV. AIDS 3, 807-818.

Hethcote, H.-W., Yorke, J.A., 1984. Gonorrhea Transmission Dynamics and Control. Lecture Notes in
Biomathematics, vol. 56. Springer, New York.

Hufnagel, L., Brockmann, D., Geisel, T., 2004. Forecast and control of epidemics in a globalized world.
Proc. Natl. Acad. Sci. USA 101, 15 124-15 129. doi:10.1073/pnas.0308344101.

Jones, H.J., Handcock, M.S., 2003. An assessment of preferential attachment as a mechanism for human
sexual network formation. Proc. R. Soc. B 270, 1123-1128. doi:10.1098/rspb.2003.2369.

Kao, R.R., 2006a. Evolution of pathogens towards low R in heterogeneous populations. J. Theor. Biol.
242, 634-642.

Kao, R.R., Danon, L., Green, D.M., Kiss, I.Z., 2006b. Demographic structure and pathogen dynam-
ics on the network of livestock movements in Great Britain. Proc. R. Soc. B 273, 1999-2007.
doi: 10.1098/rspb.2006.3505.

Keeling, M.J., et al., 2001. Dynamics of the 2001 UK foot and mouth epidemic: stochastic dispersal in a
heterogeneous landscape. Science 294, 813-817. doi:10.1126/science.1065973.

Kiss, I.Z., Green, D.M., Kao, R.R., 2005. Disease contact tracing in random and clustered networks. Proc.
R. Soc. B 272, 1407-1414.

Kiss, I.Z., Green, D.M., Kao, R.R., 2006a. The network of sheep movements within Great Britain: net-
work properties and their implications for infectious disease spread. J. R. Soc. Interface 3, 669-677.
doi:10.1098/rsif.2006.0129.

Kiss, I.Z., Green, D.M., Kao, R.R., 2006b. The effect of network heterogeneity and multiple routes of
transmission on final epidemic size. Math. Biosci. 203, 124—136. doi:10.1016/j.mbs.2006.03.002.
Kiss, I.Z., Green, D.M., Kao, R.R., 2008. The effect of network mixing patterns on epidemic dynamics and

the efficacy of disease contact tracing. J. R. Soc. Interface 5, 791-799. doi:10.1098/rsif.2007.1272.

Kretzschmar, M., van Duynhoven, Y.T.H.P., Severijnen, A.J., 1996. Modeling prevention strategies for
gonorrhea and chlamydia using stochastic network simulations. Am. J. Epidemiol. 144, 306-317.

Liljeros, F., Edling, C.R., Amaral, L.A.N., Stanley, H.E., Aberg, Y., 2001. The web of human sexual
networks. Nature 411, 907-908. doi:10.1038/35082140.

Lipsitch, M., et al., 2003. Transmission dynamics and control of severe acute respiratory syndrome. Sci-
ence 300, 1966-1970. doi:10.1126/science.1086616.

May, R.M., Lloyd, A.L., 2001. Infection dynamics on scale-free networks. Phys. Rev. E 64, 066112.

Meyers, L.A., Pourbohloul, B., Newman, M.E.J., Skowronski, D.M., Brunham, R.C., 2005. Network the-
ory and SARS: predicting outbreak diversity. J. Theor. Biol. 232, 71-81. doi:10.1016/].jtbi.2004.
07.026.

Moreno, Y., Gémez, J.B., Pacheco, A.F., 2003. Epidemic incidence in correlated complex networks. Phys.
Rev. E 68, 035103(R).

Newman, M.E.J., 2002. Assortative mixing in networks. Phys. Rev. E 89, 208701.

Newman, M.E.J., 2003. Mixing patterns in networks. Phys. Rev. E 67, 026126.

Pastor-Satorras, R., Vazquez, A., Vespignani, A., 2001. Dynamical and correlation properties of the inter-
net. Phys. Rev. Lett. 87, 0258701. doi:10.1103/PhysRevLett.87.258701.

van den Driessche, P., Watmough, J.J., 2002. Reproduction numbers and sub-threshold endemic equilibria
for compartmental models of disease transmission. Math. Biosci. 180, 29-48.


http://dx.doi.org/10.1126/science.1061020
http://dx.doi.org/10.1038/nature04017
http://dx.doi.org/10.1098/rspb.2006.3648
http://dx.doi.org/10.1073/pnas.0308344101
http://dx.doi.org/10.1098/rspb.2003.2369
http://dx.doi.org/10.1098/rspb.2006.3505
http://dx.doi.org/10.1126/science.1065973
http://dx.doi.org/10.1098/rsif.2006.0129
http://dx.doi.org/10.1016/j.mbs.2006.03.002
http://dx.doi.org/10.1098/rsif.2007.1272
http://dx.doi.org/10.1038/35082140
http://dx.doi.org/10.1126/science.1086616
http://dx.doi.org/10.1016/j.jtbi.2004.07.026
http://dx.doi.org/10.1016/j.jtbi.2004.07.026
http://dx.doi.org/10.1103/PhysRevLett.87.258701

	A Contact-Network-Based Formulation of a Preferential Mixing Model
	Abstract
	Introduction
	Model
	Population mixing model
	Disease transmission model

	Results
	The basic reproduction number R0
	Epidemic dynamics
	Final epidemic size

	Discussion
	Acknowledgement
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


