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We introduce the alternate social networks (ASN) model to sudy the
epidemic threshold of SIS epidemic. The alternate social neorks consist
of a family network and a public network, mimicking the human contacts
during some time (e.g. nighttime) and other time ( e.g. daytime) respec-
tively. Both the family network and the public network are co nstructed by
a set of sub networks which can exhibit small-world propertes, scale-free
degree distribution or the household structure, represenig various types
of local interactions among social groups in modern society Simulations
show that the ASN has the essential characteristics of sociaetworks, and
the local fully connected structures (households) as well sithe existence of
local structures (publics) in the public network are two dominating ingredi-
ents for the epidemic threshold. Moreover, results show thaithe epidemic
threshold in ASN is independent of the initial condition and the system
size.

PACS numbers: 89.75.Fb, 89.75.Hc, 87.23.Ge, 87.19.Xx

1. Introduction

Classical mathematical models for the spread of a diseasetai ignore
the patterns and structures of social and spatial interactons within a popu-
lation [1]. However, it has been found recently that many soi@l and natural
systems share some important organising principles uncored in the frame-
work of complex network research [2 7], where the verticesapresent the
elements and the edges pairwise interactions between elemg They typi-
cally exhibit two distinct properties, the scale-free (SF) connectivity distri-
butions [8] and the small-world (SW) properties [9]. These @rts dedicated
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to the structure of the networks help us understand the dynancs of the
networks, which in its turn have a strong impact on the dynamics on the
networks. Particularly interesting example where the inteaction network
plays capital role in the dynamics is the case of disease spding. The ex-
tensive study of network-based models of epidemic spreadjnhas given us
valuable insights of how diseases spread [10 16].

The concept of thresholds, which is of important guiding sigi cance to
the disease eradication and vaccination, is a central partfothe theoretical
study of infectious diseases. In mathematical epidemiolgg[1], the epidemic
threshold is a standard element, responsible for many of thetandard con-
clusions drawn in epidemic modelling. Recently, the invesgjation of the
susceptible-infected-susceptible (SIS) model on randomFSnetworks nd
the absence of an epidemic threshold and its associated ddal behaviour,
which implies that random SF networks are prone to the spreamhg and
the persistence of infections at whatever spreading rate #hepidemic agents
possess [17]. The clustering in random SF networks cannotg®re a nite
epidemic threshold [18]. Actually, it has been found that a & degree distri-
bution P(k) k with 2< 3in unstructured networks with assortative
or disassortative mixing is a su cient condition for a null e pidemic thresh-
old in the thermodynamic limit, and the degree correlationsresult therefore
irrelevant for the epidemic spreading picture in these SF nmvorks [19]. It
has also been shown that for nite-size networks, nite thresholds for the
spreading of an epidemic are always found [20, 21]. Moreovearesearch in-
dicates that epidemic propagation depends equally on the fiection scheme
as well as the network structure, which says connectivity-épendent infec-
tion schemes can vyield threshold e ects even in scale-freestworks where
they would otherwise be unexpected [22]. Comparing this wit the absence
of a nite threshold in networks with purely random wiring, t he study of
SIS epidemic model in highly clustered SF networks suggestisat high clus-
tering (modularity) and degree correlations protect SF netvorks against the
spreading of viruses, which means the existence of a nite étemic threshold
in these networks in the limit of in nite system size [23].

However, most of these investigations have been performeddhe so-
called scale-free networks, where some important factorsuch as network
hierarchy and the network evolution [11 16] are ignored, whch have impor-
tant in uence on the epidemic threshold. In modern society,daily human
activities are marked by strong habits with little day-to-d ay variety [24].
For instance, students will go to school in mornings, frequetly contact with
their classmates and teachers, and stay home with their pargs after school,
adults will go to their workplaces on time and stay there unti o duty. In
order to account for these interaction patterns, researchs [25 32] have paid
increasing attention to the in uence of the local structures in social networks
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on the epidemic spreading. Others [33, 34] considered the s@that a com-
mon set of nodes belong to two di erent networks. But in these werk the
in uence of the household structure and the network hierartly on the epi-
demic threshold has not been investigated yet. In this paperwe introduce
the alternate social networks to model the potentially infective contacts, and
we adopt the SIS model as a description of epidemic spreadirig a closed -
nite population, focusing on the study of epidemic threshal in the alternate
social networks. Studies show that the ASN has the essentigharacteristics
of social networks, especially the local fully connected atictures (household)
and the high clustering coe cient, which were found to be two dominating
ingredients for the epidemic threshold.

2. The model

The alternate social networks model (ASN) is depicted in Fig 1, which
consists of two sub models: the public network model (PN) andhe family
network model (FN). We consider a closed nite population of N individ-
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Fig. 1. Schema of the alternate social networks. The family ptwork and the public
network are formed during some time €.g. nighttime) and another time (e.g.
daytime), respectively. Dots represent individuals and lnes between dots represent
contacts between individuals that could potentially lead to disease transmission.
Each household in the family network is fully connected, whie in the public network
each sub network can be a small-world or a scale-free netwarkFor the family
network, the size of sub networks is uniformly distributed, while for the public
network, it is drawn from a power-law distribution (see text).

uals, which is in our model randomly partitioned into severa subgroups,
namely publics or households according to dierent time. Fo simplicity,
it is assumed that each subgroup is isolated from others, sonty contacts
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between individuals in the same subgroup are allowed. Thesaibgroups can
be modelled by sub networks with a certain topology. The set osub net-
works formed during some time €.g. daytime) and during another time (e.g.
nighttime) are then referred to as the public network (PN) and the family
network (FN), respectively. For the FN, the size N¢, of the sub networks is
uniformly distributed in the interval [2; 6], while for the PN the size N, of
the sub networks is drawn from the power-law distribution P (Npn) an“
in the range [50; 150] according to the fact that the size distribution of work-
groups has power-law form [11]. In this way, the population$ modelled in
turn by FN, each sub network of which is fully connected, and M, of which
the sub network can be a small-world network (SWN), a scalerée network
(SFN), or some other network models. In this paper, we have cwsidered
two cases:

Case A: All sub networks of PN are SFNs;
Case B: All sub networks of PN are SWNSs.

For Case A, each SFN has been generated by BA model in [§]) Start from
an initial network of m fully interconnected nodes. (ii) At each time step,
a new node withm edges that link to m di erent old nodes is added into
the system. The connection pgobability of a new node to alredy present
nodei is given by (kj) = kj= j jkj. Finally, a network with an average
degreelki = 2m is generated, and the expected degree distribution follows
a power lawP (k) = 2m?k 2 in the thermodynamic limit.

For Case B, each SWN has been generated by WS model in [4]) Start
from a one dimensional ring lattice with desired size satiging the periodic
boundary condition and connect each node to its)tki = 2m neighbours;
(i) Rewire each edge of the lattice with probability p, ignoring the self-
connection and duplication of edges.

With this method of modelling of the social interactions, the ASN can
exhibit some essential characteristics of real social netwks, such as small-
world topology of connections, scale-free distribution oflegree (for case A),
a large clustering coe cient, a hierarchical structure and the network evolu-
tion (change from PN to FN, and so on). It should be noted that the ASN
can be extended to take into account more factors to model theeal contact
networks. For example, it may be a more feasible way to modelhie public
network by taking a mixture of Case A and B, where the SFN will beused
to model the subgroup if there is some super-spreaders.

The epidemic spreading is modelled using the standard suguible-
infected-susceptible (SIS) mechanism [1]. Each individdacan be in either
a susceptible or an infected state. We start with an initial density o of
infected individuals. The dynamics of the model are such thiaat every time
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step: (1) Susceptible individuals become infected with proability if at
least one of the neighbours is infected. (2) Infected vertes, on the other
hand, recover and become susceptible again with probabiitone. Although
this simple epidemic dynamics is inpractical in real world ad also di erent
from the normal one in which the infection probability is dependent on the
density of infected individuals, it is feasible to study theepidemic threshold,
as we can see in [23].

Here, we de ne the network active timen for PN and FN, which means
that the epidemic system will be continuously updatedn time-steps when
the network (PN or FN) is active. Thus, the above spreading mehanism will
be iterated for np time-steps on PN, then for anotherns time-steps on FN,
and so on. This process can be readily iterated in numericaliraulations
until the system reaches its stationary state or the epident dies out. It
should be noted that the time step in our model is dierent from most
epidemic simulation models where the time step is assumed twe equivalent
to one 24-hour period in the real world. Although this time step in our
model may be unreasonable in real world, it is easy to implenmed and
still e ective for qualitative study of the epidemic threshold according to
our research. Moreover, it allows us to study the di erent rdes of PN and
FN by tuning the network active time n. Actually, one can easily extend the
spreading mechanism to a practical form by taking the time sép as micro
time step (thus one 24-hour period is divided into several naro time steps)
and changing a bit the updating rules (1) and (2).

3. Results

Extensive numerical simulations have been performed in tlsi section,
with synchronous dynamics used. In order to study the SIS moel in ASN,
we rst generate the network using the algorithm described i the preceding
section for both settings of Cases A and B, witiN = 104, [ap; by,] = [50; 150}
and [as; Ix] = [2;6]. For Case A, PN shows a power law degree distribution
with the exponent being in the interval 2 < < 3. Analysis based on a
t yields an exponent = 2:58 0:02 for m = 5. For Case B, we take
p = 0:01 as the rewiring probability. Initially, a fraction of rando mly se-
lected individuals o = 0:1% is infected, and then we update individuals'
state synchronously in turn on PN for n, time-steps and on FN forns time-
steps until the system relax into steady state where the prealence attains
its stationary value. It is worth recalling that results are collected over 200
independent simulations, each of which corresponds to a derent realization
of the network and di erent initially infected individuals and the prevalence
in the stationary state is computed as the average over all swiving tri-
als. The results obtained are depicted in Fig. 2 where the stanary state
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prevalence has been drawn as a function of the spreading ratefor di erent
values of the average connectivity. Only when is increased above a value

¢ Is a signi cant prevalence observed for both of Cases A and B. fie e ect
of the topological properties of Case A becomes clear whenmparing the
shape of the prevalence curves with that obtained for BA modelith m =5.
In the later case no change of behaviour is apparent as the pralence and
its slope varies smoothly when is increased. The average connectivity can
strongly a ect the epidemic spreading, such as the epidemithreshold and
the prevalence. It also can be found that Case A is much like Ga B when
regarding the shape of the prevalence curves, and the prewesice value of
for them is much lower than those obtained for BA and WS models.

Fig.2. Prevalence (fraction of infected individuals in the stationary state) as
a function of the spreading rate for (a) Case A with m = 3 (squares), 5 (cir-
cles), and 7 (diamonds), and BA model withm = 5 (solid curve), (b) Case B
with m = 3 (squares), 5 (circles), and 7 (diamonds), and WS model withm =5
(solid curve). The other parameters areN = 104, ( =0:1%, p=0:01, n, =1,
ns = 1,[ap; by] = [50; 150} [as; bx] = [2; 6].

In order to understand the role of the topology we consider tie cluster-
ing coe cient [9], which is de ned as follows. Consider a noc i with total
degreek;. Between thek; nodes thati is linked with, at most k;(kj 1)=2
links are possible. LetC; denote the fraction of links that actually exist
among the neighbours of. The clustering coe cient C is the average ofC;
taken over all N nodesi in the network. Note that all links are considered
as bidirectional when calculating the clustering coe cient. Here, C is cal-
culated only for PN due to the fact that FN is just a group of independent
fully connected households. Fig. 3 shows that for Cases A an the clus-
tering coe cient C towards a high stationary value as the network sizeN
is increased. For the sake of comparison, in Fig. 3 the clugtieg coe cient
of the BA model and WS model are plotted as well, which can be inead
quantitatively described by [35]:
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Fig. 3. Dependence of the clustering coe cientC on the size of network of (a) PN
(Case A) (circles) and the BA model (squares), (b) PN (Case B)(circles) and the

WS model (squares). The other parametersaren =5, p = 0:01, [a,; by] = [50; 150]

Results are averaged over 200 independent simulations, daof which corresponds
to a di erent realization of the network.

_m¥m+1)2  m+1 1 [In(N)?
~ 4m 1) In m m+1 N @
and [36]: '
CO= ypi @ P @

respectively. Thus the Cases A and B generate networks with digher
clustering coe cient than the corresponding BA and WS models This result
indicates that dividing the whole population into subgroups will result in
a network with high clustering coe cient. Further analysis nds that the
value of clustering coe cient for Cases A and B towards a higler value as the
average connectivity increases (Fig. 4). From Fig. 2 we careg the epidemic
threshold is strongly related with the average connectiviy. These results
suggest that high clustering of the ASN can protect the netwdk against
the spreading of diseases. It should be pointed out that theigh clustering
coe cient in our model is rooted in the existence of local stucture (sub
network) in the network, which is di erent from the work [23], where the
network model is the so-called structured scale-free netwk.

Another important parameter is the network active time n. By tuning
this parameter, one can study the di erent in uences of the PN and FN on
the epidemic spreading. Two con gurations have been consated: (1) n,
varies whilens xed (Fig. 5(a)); (2) ns varies with n, xed (Fig. 5(b)). It can
be found that the network is more prone to the spreading of disase when
np is changed from 1 to 3, but no obvious change observed for highvalue
of np. Contrarily, the increase in n; can e ectively protect the network
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Fig.4. Dependence of the clustering coe cient C on the parameter m for PN
with (a) Case A, (b) Case B. The other parameters areN = 104, p = 0:01,
[ap; ] = [50; 150] Results are averaged over 200 independent simulations, efa of
which corresponds to a di erent realization of the network.

Fig.5. Prevalence as a function of the spreading rate for Case A, with (a) np =1
(squares), 3 (circles), 5 (diamonds), 7 (triangles), andns xed to 1. (b) ny =1
(squares), 3 (circles), 5 (diamonds), 7 (triangles), andn, xed to 1. The other
parameters areN = 104, o = 0:1%, p = 0:0L, m = 5, [a,; ] = [50; 150} and
[as; bx] = [2; 6]

against the epidemic spreading. In Fig. 6 we plot the threshid value of
spreading rate as a function of the parametern;, which show that large
ns can e ectively prevent the disease spreading. These ressltimply that
staying at home can greatly reduce the risk of being infectedMoreover, it
brings to us that the fully connected structures (household) that coexist
with the large SF or SW sub networks is another dominating ingedient
for the epidemic threshold. This result allows claiming tha although SF
networks are measured in real societies the existence of FN bouseholds
that are fully disconnected from each other prevents the smading of the
disease across the whole network, which is in contrast to th@reviously
reported behaviour on single SF network.
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Fig.6. Threshold value of spreading rate as a function of the parametern; for
the Case A, with N = 104, n, =1, ¢ =0:1% m =5, [ay; ] = [50; 150} and
[as; x] = [2; 6].

Finally, we studied the in uence of the initial condition on the epidemic
spreading by setting ¢ = const. and o = 1=N. In both cases, the preva-
lence curves are the same regardless of the initial conditioof (. This
indicates that the value of epidemic threshold and the previence is inde-
pendent of the initial condition. We also have investigatedthe nite-size
e ect on the epidemic spreading and found that the epidemic hreshold for
our model is independent of the system size or the size distition of PN
over a considered range of values.

4. Conclusions

This paper introduces the alternate social networks (ASN) 6 human in-
teractions to study the dynamics of the SIS epidemic. The ASNconsists of
a family network (FN) and a public network (PN), to model the human in-
teractions during nighttime and daytime, respectively. In the current study,
two versions of ASN, Cases A and B, have been considered. Thetwerks
generated by Case A still follow a power law degree distribubn with the
exponent being in the interval 2 < < 3, but with a high clustering coef-
cient regardless of the system size, that is, the small-wdd properties are
restored. Thus, the ASN model has the essential charactetiss of real social
networks, including the small-world property (large clustering coe cient),
scale-free distribution of degree (for case A), a hierarchal structure and the
network evolution.

Our simulations show that the high clustering of the ASN can potect
the network against the spreading of diseases, and also maki&ase A much
like the Case B. However, it should be pointed out that the highclustering
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coe cient in our model is rooted in the existence of local stuctures (sub
networks) in the PN, even when the sub networks are generatebdy the BA
model, which is di erent from the work [23], where the netwok model is the
so-called structured scale-free network.

Moreover, we found that the PN is more prone to the epidemic sgading
than the FN, which suggested that the fully connected structres (house-
holds) that coexist with the large SF or SW sub networks is anther dom-
inating ingredient for the epidemic threshold. This result allows claiming
that although SF networks are measured in real societies thexistence of
FN or households that are fully disconnected from each otheprevents the
spreading of the disease across the whole network, which is tontrast to
the previously reported behaviour on single SF network.

Finally, our results show that the existence or not of an epig@mic thresh-
old for the SIS model on the ASN does not dependent on the inil condition
and is irrelevant with the nite-size e ect.
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