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Abstract—To shed light on the disease localization phenomenon, we studya bursty susceptible-infected-susceptible (SIS)model and

analyze themodel under themean-field approximation. In the bursty SISmodel, the infected nodes infect all their neighbors periodically, and

the near-threshold steady-state prevalence is non-constant andmaximized by a factor equal to the largest eigenvalue �1 of the adjacency

matrix of the network.We show that themaximumnear-threshold prevalence of the bursty SIS process on a localized network tends to zero

even if �1 diverges in the thermodynamic limit, which indicates that the burst of infection cannot turn a localized spreading into a delocalized

spreading. Our result is evaluated both on synthetic and real networks.

Index Terms—Complex networks, localization, epidemic process, susceptible-infected-susceptible model

Ç

1 INTRODUCTION

THE near-threshold behavior, i.e., the behavior around
the threshold where a phase transition occurs, is of

great interest in the study of dynamical processes, because
many real complex systems may operate near the phase
transition point [1], [2], [3]. One of the most extensively
studied dynamical processes in network science is the
susceptible-infected-susceptible (SIS) spreading process [4],
[5]. For some networks, the SIS epidemic remains restricted
into a small subnetwork and does not spread over the whole
network for infection strength just above the (mean-field)
epidemic threshold. This restricted spreading phenomenon
is known as the (metastable) localization of the SIS process
[6], [7], [8], and has been studied recently. de Arruda et al.
[8] investigated the localization phenomenon of SIS pro-
cesses on multiplex networks. Sahneh et al. [9] focused on
the localization by a maximum entropy and optimization
approach. Another near-threshold behavior, called Griffiths’
phase1 of the SIS process, which is related to localization,
is studied by Cota et al. [11] and Mu~noz et al. [12]. The near-
threshold behavior of the SIS process has also been applied
to explain the operation of brain [13].

In this paper, we further study the SIS localization
phenomenon. In previous studies [6], [7], localization of
epidemic processes means that only a finite number of nodes
is infected in the thermodynamic limit, i.e., when the network
sizeN ! 1. In this work, the definition of epidemic localiza-
tion is that the average fraction of infected nodes, i.e., the prev-
alence, tends to zero in the thermodynamic limit, but the
number of infected nodes is not necessarily finite. In the
following part, we first clarify some misconceptions about the
SIS localization in previous studies and show the availability
of mean-field methods [6], [7], [14], [15]. We point out that
the order of the near-threshold prevalence as a function of the
network sizeN is essential for understanding the influence of
the network structure on spreading processes. Motivated by
the essence of the prevalence order, we confine ourselves to a
mean-field approximation and study a bursty spreading effect
which maximizes the near-threshold prevalence by a factor
equal to the largest eigenvalue �1 of the adjacency matrix of
the network. Even though the spectral radius �1 divergeswith
network size N , the spreading bursts cannot change a local-
ized spreading to a delocalized one if the principal eigenvector
of the adjacencymatrix of the network is localized.

2 MISCONCEPTIONS AND CONCLUSIONS ABOUT

THE EPIDEMIC LOCALIZATION

In the SIS process, each node can be either infected or suscep-
tible (healthy). An infected node can infect each healthy
neighbor with infection rate b and an infected node is sponta-
neously cured with curing rate d. The network is represented
by the adjacency matrix A with elements aij for
i; j 2 f1; . . . ;Ng. If node i and j are connected and i 6¼ j, then
aij ¼ aji ¼ 1; otherwise, aij ¼ aji ¼ 0. The whole network can
be in two different phases in the steady ormetastable state: (a)
in the all-healthy phase or (b) in the endemic phase. In the all-
healthy phase, the epidemic has disappeared. In the endemic
phase, the infection can persist in the network. The SIS process

1. The terminology Griffiths phase is borrowed from the study of
Ising ferromagnet. Griffiths finds that the magnetization of a random
Ising ferromagnet is not an analytic function of external field H at
H ¼ 0 between the critical temperatures of the random and the corre-
sponding pure Ising ferromagnet [10], but in the study of epidemic
processes, the non-analyticity of the function of the prevalence just
above the epidemic threshold in the thermodynamic limit is still
unknown.
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experiences a phase transition at a threshold [14], [15], which
can be determined by the mean-field method tð1Þc ¼ 1=�1.
If the effective infection rate t , b=d > tð1Þc , then the process is
in the endemic phase under mean-field theory; otherwise, in
the all-healthy phase.

For a finite network, the endemic and all-healthy phases
can be identified by the prevalence, which is the average frac-
tion of infected nodes, and can be considered as an order
parameter for the SIS process. A non-zero prevalence
implies the endemic phase and a zero prevalence means the
all-healthy phase. However, in the thermodynamic limit
where the network size N ! 1, a zero prevalence does not
necessarily coincide with an all-healthy state just above the
epidemic threshold. Goltsev et al. [6] considered the zero
prevalence in the thermodynamic limit as an indication of
the localization phenomenon of the SIS process, where only
a finite number of nodes are infected on average. In particu-
lar, Goltsev et al. [6] evaluate the steady-state prevalence
y1ð~tÞ just above the mean-field epidemic threshold by its
first-order expansion y1ð~tÞ ¼ a~t þ oð~tÞwith [16]

a ¼
PN

i¼1 xi

N
PN

i¼1 x
3
i

; (1)

where xi is the ith component of the principal eigenvector of
the adjacency matrix, obeying the normalized conditionPN

i¼1 x
2
i ¼ 1 and ~t , t=tð1Þc � 1 � 1 is the normalized effective

infection rate. A tight bound of a is mini xi
maxi xi

< a < 1
mini xi

ffiffiffi
N

p as

derived in Appendix B, which can be found on the Computer

Society Digital Library at http://doi.ieeecomputersociety.

org/10.1109/TNSE.2018.2889539. If a ! 0 as N ! 1, then

the near-threshold prevalence is zero, and if a > 0 as

N ! 1, then a non-zero fraction of nodes are infected just

above the threshold. Goltsev et al. [6] define localization by
the inverse participant ratio (IPR) hðxÞ ¼PN

i¼1 x
4
i of the prin-

cipal eigenvector x, and state that if the IPR hðxÞ ¼ Oð1Þ, then
the principal eigenvector x is localized in a few components

xi ¼ Oð1Þ and only a finite number of nodes are infected in

the network with a ! 0 asN ! 1. Otherwise, if hðxÞ ¼ oð1Þ,
then the vector x is delocalized such that each component

xi ¼ Oð 1ffiffiffi
N

p Þ. Ferreira et al. [7] argue that if a finite number of

nodes are infected using mean-field theory, then the virus
eventually dies out and then the mean-field approximations

[4], [14] fail due to their omission of the absorbing state.
However, a zero prevalence in the thermodynamic limit

does not necessarily mean that the number of infected nodes
is finite. To illustrate this fact, let us consider a scale-free
network which follows a power-law degree distribution
with exponent g, i.e., Pr½D ¼ k� ¼ k�g

zðgÞ, k 2 N and zðgÞ is the

Riemann zeta function [17], in the thermodynamic limit. If the
average degree of a scale-free network is finite, then g > 2
for N ! 1, because E½Dm� ¼ zðg �mÞ=zðgÞ converges
when g > mþ 1. The maximum degree scales as dmax ¼
OðN1=ðg�1ÞÞ as derived in [18, p. 594], and thus we may find
nodeswith degreeOðNaÞ for a < 1=ðg � 1Þ. Given a constant
c, the expected number of nodes �nd with degree d ¼ ½cNa� is
�nd ¼ N Pr½D ¼ ½cNa�� ¼ ðc�gN1�agÞ=zðgÞ. If 0 < a < 1

g
, then

limN!1 �nd ¼ 1. Thus, the average number of hubs diverges.
For each hub with degree of the order OðNaÞ for a > 0, the

local star subgraph ensures that the infection can persist for
the effective infection rate t > 0 in the thermodynamic limit.
Related discussions can be found in [19], [20], where the
epidemic threshold of power-law networks is shown to be
zero in the thermodynamic limit.

Furthermore, the principal eigenvector x may not be
localized in a finite subgraph, but localized in a subgraph
whose size increases as OðNaÞ with 0 < a < 1 with N .
Pastor-Satorras and Castellano [21], [22] define the vector x
to be delocalized, only when the IPR hðxÞ ¼ OðN�1Þ, while
if hðxÞ ¼ OðN�aÞ with 0 � a < 1, then x is localized on a
subgraph of size order of OðNaÞ. An example that can be
exactly evaluated is the star-like, two-hierarchical graph [23,
p. 143]. In this graph, there are m fully connected nodes, and
each node as hub is connected to m leaf nodes. Basically, the
graph consists ofm fully meshedm-stars. The network size is
N ¼ m2 þm and the average degree is dav ¼ 3� 4

mþ1 � 3 for

a large network. The largest eigenvalue �1 of the graph ism as
derived in [23, p. 145], which is actually well approximated
by the degree of each node in the maximumK-core [24]. One
may verify that the principal eigenvector

x ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffi
mþ 1

p ; . . . ;
1ffiffiffiffiffiffiffiffiffiffiffiffiffi

mþ 1
p|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

m

;
1

m
ffiffiffiffiffiffiffiffiffiffiffiffiffi
mþ 1

p ; . . . ;
1

m
ffiffiffiffiffiffiffiffiffiffiffiffiffi
mþ 1

p|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
m2

2
6664

3
7775
T

;

is localized on a clique with size in the order ofOð1= ffiffiffiffiffi
N

p Þ and
the IPR hðxÞ ¼ OðN�0:5Þ. In this graph, the coefficient a ¼
Oð 1ffiffiffi

N
p Þ leads to a zero prevalence, but the average number of

infected nodes Ny1ð~tÞ ¼ Oð ffiffiffiffiffi
N

p Þ diverges in the thermody-

namic limit.
Even if the principal eigenvalue x is localized in a finite

subgraph and the IPR hðxÞ ¼ Oð1Þ, the average number of
infected nodes may not be finite in the thermodynamic limit.
Let us consider the extreme case of a star graph, whose

principal eigenvector is x ¼ ½ 1ffiffi
2

p ; 1ffiffiffiffiffiffiffiffiffiffiffiffi
2ðN�1Þ

p ; . . . ; 1ffiffiffiffiffiffiffiffiffiffiffiffi
2ðN�1Þ

p �T . We

may verify that the IPR hðxÞ ¼ Oð1Þ and the coefficient

a ¼ Oð1= ffiffiffiffiffi
N

p Þ. The average number of infected nodes is

Ny1ð~tÞ ¼ Oð ffiffiffiffiffi
N

p Þ. Thus, just above the epidemic threshold

(see also [25] for an exact, asymptotic analysis), an infinite

number of nodes is infected, but the prevalence y1ð~tÞ ¼
Oð 1ffiffiffi

N
p Þ tends to zero in the thermodynamic limit.

Our conclusions are: a) the localization of the principal
eigenvector and the SIS epidemic process are related, but
do not exactly correspond, because the infection can persist
in subgraphs which correspond to the delocalized parts of the
principal eigenvector; b) a zero prevalence just above thresh-
old in the thermodynamic limit does not imply that the num-
ber of infected nodes is finite. Even for the star graph, the

average number of infected nodes is of order Oð ffiffiffiffiffi
N

p Þ just
above the epidemic threshold. Thus, it might be impossible to
find a network, where the near-threshold number of infected
nodes is finite in the thermodynamic limit under the mean-
field theory. We address those conclusions to show that: a)
in the thermodynamic limit, mean-field theories are consis-
tent and applicable to study the near-threshold behavior
because the epidemic may never die out; b) the order of
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the prevalence as a function of the network sizeN is essential
in the near-threshold spreading dynamic, which is also the
motivation of our work. In the following part, we consider
a network localized if the IPR hðxÞ ¼ OðN�aÞ for 0 � a < 1,
and is delocalized only if hðxÞ ¼ OðN�1Þ as defined by
Pastor-Satorras and Castellano [21], [22].

Throughout this paper, we confine ourselves to the mean-
field method. Beyond the mean-field theory, the correlation
between infection states of neighbors needs to be taken into
consideration. In some cases, the correlation can be substan-
tial. For example, the covariance of the infection state between
neighbors in an infinite cycle graph is shown [26, Theorem 3]
to be � ¼ 0:121375which is apparently not negligible andmay
introduce long-range correlations. The effect of long-range
correlations on localization is unclear and the understanding
of localization beyondmean-field theories is still open.

3 THE BEHAVIOR OF BURSTS JUST ABOVE THE

EPIDEMIC THRESHOLD

Since our focus lies on the order of the prevalence as a func-
tion of network size N , we construct an SIS process with a
non-constant prevalence in the steady state. We consider
bursts that infect all healthy neighbors, leading to an explo-
sion of the spreading.We choose periodical infections to allow
analysis, and confine the SIS process to an infectious regime
just above the epidemic threshold by tuning the period of the
bursts. In some heterogeneous networks, e.g., scale-free net-
works, the ratio between themaximum prevalence (after each
burst) and theminimumprevalence (before each burst) grows
to infinity with the network size N . Even if infected nodes
maximize their infection capability to infect all neighbors and
magnify the prevalence by a divergent factor, we demonstrate
that the process is still localized and the spreading is restricted
to a small subgraph, whose size divided by the whole net-
work sizeN tends to zero.

In particular, our bursty SIS model is still an SIS model
and each infected node can still be cured with rate d as a

Poisson process, but the infection (infecting all healthy
neighbors) only happens at the time points: 1=b; 2=b; . . .
with infection rate b and effective infection rate t ¼ b=d.
This bursty SIS model is a limit case of a non-Markovian SIS
model [27] and was proposed to find the largest possible
non-Markovian epidemic threshold. The bursty effect may
lead to counterintuitive results. For example, in the epi-
demic process on a very large star graph, the infection prob-
ability of the hub node is much larger than those of the leaf
node, when the process is just above the epidemic thresh-
old. If the hub is infected just before a burst, the hub can
infect all the leaf nodes and thus all nodes in the network
are infected, which seems to lead to a non-zero prevalence
(a global epidemic). However, even for the star graph, we
will show that the prevalence just above threshold still
converges to zero as the network size N ! 1.

The mean-field governing equations of the bursty SIS
process are [27]

vi
nþ 1

b

� �
¼ lim

t�!1=b

 
1� vi t� þ n

b

� �� �(
1

�
Y
j2N i

1� vj t� þ n

b

� �� �)
þ vi t� þ n

b

� �!
;

(2)

and

dvi
n
b
þ t�

� 	
dt�

¼ �dvi
n

b
þ t�

� �
; (3)

where viðtÞ is the infection probability of node i at time t, the
length of the time passed after the nearest burst is
t� 2 ½0; 1=bÞ, and N i denotes the set of neighbors of node i.
Eqs. (2) and (3) describe the bursty infection and curing pro-
cesses, respectively. The epidemic threshold of the bursty SIS
model is tðBÞ

c ¼ 1= lnð�1 þ 1Þ as demonstrated in [27]. Fig. 1a
shows that, if the effective infection rate t is above the mean-
field threshold tðBÞ

c , then the prevalence periodically changes

Fig. 1. (a): The bursty SIS prevalence on an Erdo��s-R�enyi (ER) graph G0:15ð50Þ. The epidemic threshold is tðBÞ
c ¼ 1

lnð�1þ1Þ ¼ 0:4437. The red curve
reflects the regime with the effective infection rate t ¼ 1 > tðBÞ

c , while the black curve represents the prevalence at t ¼ 0:4 below the threshold; (b):
The phase transition of the bursty SIS model with the normalized effective infection rate ~t on the same network. The upper blue curve and the lower
green curve are the maximum and minimum steady-state prevalence, respectively. The steady-state prevalence changes periodically between the
maximum and minimum.
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with period 1=b in the steady state; otherwise, the infection
vanishes exponentially fast.

We denote the steady-state prevalence at time t� after each
burst by y1ð~t; t�Þ , 1

N limn!1
PN

i¼1 viðn=bþ t�Þ in the bursty

SIS process with the normalized effective infection rate ~t ¼
t=tðBÞ

c � 1. The steady-state prevalence y1ð~t; t�Þ is maximum
just after each burst at t� ¼ 0, denoted by yþ1ð~tÞ , y1ð~t; 0Þ,
and is minimum before each burst at t� ! 1=b, denoted by
y�1ð~tÞ , limt�!1=b y1ð~t; t�Þ. The ratio between the maximum
and minimum steady-state prevalence is shown in [27] to be
yþ1ð~tÞ=y�1ð~tÞ � �1 þ 1 and equality is achieved when ~t # 0.
Thus, for a network with a largest eigenvalue �1 ¼ OðNaÞ
with a > 0, yþ1ð~tÞ=y�1ð~tÞ diverges for small ~t in the thermo-
dynamic limit, which is themost unusual feature of the bursty
dynamic compared to traditional studies. As shown in Fig. 1b,
the steady prevalence yþ1ð~tÞ (blue curve) and y�1ð~tÞ (green
curve) experience a phase transition at the threshold ~t ¼ 0.
Although the two curves approach each other from above to
tðBÞ
c , their ratio yþ1ð~tÞ=y�1ð~tÞ can diverge if �1 ! 1 in the ther-
modynamic limit.

The maximum and the minimum steady-state prevalence
yþ1ð~tÞ ¼ amax~t þ o ~tð Þ and y�1ð~tÞ ¼ amin~t þ o ~tð Þ just above
threshold possess coefficients (see Theorem 1 in Appendix A,
available in the online supplementalmaterial)

amax ¼ 2ð�1 þ 1Þ lnð�1 þ 1Þ
�1

a; (4)

and amin ¼ amax=ð�1 þ 1Þ, respectively. The coefficient a of
the traditional SIS prevalence in (1) is only determined by
the first- and third-order moments of the principal eigen-
vector x and the network size N , but the coefficients amax

and amin are also related to the largest eigenvalue �1.
As mentioned, the bursts increase the prevalence by

a factor of �1. For delocalized network with convergent
maximum degree, we expect that the largest eigenvalue

�1 ¼ Oð1Þ because �1 � max8linkði;jÞ
ffiffiffiffiffiffiffiffi
didj

p
as shown in

[23, p. 48]. Thus, the maximum and minimum prevalence
are of the same order Oð1Þ. There is always a non-zero
average fraction of infected nodes just above the mean-field
epidemic threshold in the thermodynamic limit.

Now we consider the localized networks. If the variance
Var½D� ! 1 as N ! 1, then the largest eigenvalue �1 	ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Var½D� þ E2½D�p
diverges as shown in [23, p. 47]. Further-

more, a divergent maximumdegree ensures the largest eigen-
value �1 ! 1 as N ! 1, since �1 of the whole network is
larger than that of the star subgraph with a divergent hub [23,
Eq. (3.23)]. In particular, the largest eigenvalue of a power-
law network diverges in the thermodynamic limit [28]. The
bursts magnify the traditional SIS coefficient a in (1) by a
divergent factor lnð�1 þ 1Þ as shown by Eq. (4), i.e., amax ¼
2 lnð�1Þa. For the eigenvector localization as discussed in [21],
where the eigenvector x is defined to be localized in a finite or
infinite subnetwork, the coefficient a in (1) follows an decay
as OðN��Þ for � > 0 and the maximum coefficient amax in
(4) will also converge to zero as amax ¼ OðN�� lnNÞ since
ln�1 < lnN . Although the bursts allow the infected nodes to
infect all their healthy neighbors to reach as many nodes as
possible in the network, the bursts cannot transform a zero
prevalence to a non-zero prevalence in the thermodynamic
limit.

4 NUMERICAL AND SIMULATION RESULTS

In this section, we evaluate our conclusion in synthetic and
real networks.

4.1 Numerical Results Under the Mean-Field Theory

The first case is the delocalized networks. In regular graphs
with average degree d, the largest eigenvalue �1 ¼ d and the
coefficients amax and amin are constant, only depending on
degree d as explained in Appendix D, available in the online
supplemental material. Fig. 2a shows the results of the
Erd€os-R�enyi (ER) graphs with average degree dav ¼ 8, and
both the maximum and minimum coefficients amax and amin

are in the order ofOð1Þ and independent of the network sizeN .
For localized networks with divergent largest eigenvalue

�1, the ratio between themaximum andminimumprevalence
lim~t#0 yþð~tÞ=y�ð~tÞ ! 1 in the thermodynamic limit. We first
consider star graphs as already mentioned. We may verify
(see Appendix C, available in the online supplemental
material) that the coefficients of star graphs follow amax ¼
OðN�0:5 lnNÞ and amin ¼ OðN�1 lnNÞ. Although the average
number of infected nodes both before and after each burst
diverge, the maximum and minimum prevalence converges
to zero as N ! 1. We also generate connected scale-free
networks with different power-law exponents g and average
degree dav ¼ 8 using the method introduced by Goh et al.
[29]. When generating the scale-free networks, we only pre-
serve the largest connected component, because the original
method of Goh et al. does not guarantee a connected network.
Fig. 2b shows that the coefficient amax of power-law networks
with different exponent g decays with the network size N .
Furthermore, we consider networks with exponential degree
distribution and use the network generating method in [30].
Initially, there are onlym nodes in the network, and each step
a new node arrives. The new node is randomly connected to
m nodes of the current network (without preferential attach-
ment as in the Barab�asi-Albert model [31]). The case m ¼ 1
introduced in [30] generates a uniform recursive tree [18,
16.2.2]. Following a same derivation as in [30], the degree dis-
tribution of the network isPr½D ¼ k� ¼ 1

1þm ð1þ 1=mÞ�kþm for

a network with average degree dav ¼ 2m in the thermody-
namic limit. Fig. 2c shows the maximum coefficient amax of
exponential networks with m ¼ 1; 2; 4, which decays with
network sizeN .

For the synthetic networks, we can evaluate their near-
threshold behavior by generating those networks with
different size and check their order with the network size N .
However, the size of a real network is fixed and the value of
the coefficients amax and amin provide no information about
the order of magnitude as a function of the network size N .
To obtain insights from the value of amax in real networks, we
generate random synthetic networks with a similar size, aver-
age degree, and degree distribution for each real network and
compare the coefficients amax of the synthetic networks with
those of the real networks. For most real networks, the degree
distributions approximately follow a power law2 or exponen-
tial distribution. Thus, we can compare those real networks

2. Although there are debates that power-law networks are rare [32],
[33], the degree distribution of most real networks is linear in a log-log
plot for several orders of magnitude, and then we can use synthetic
power-law random graphs to approximate those real networks.
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with the synthetic power-law and exponential networks
mentioned above. Fig. 2d shows the value of the coefficient
amax of real networks and corresponding synthetic net-
works, which are described in detail in the supplementary
information, available in the online supplemental material.
The value of the coefficients amax are similar in synthetic and
real networks, especially for large networks. Thus, we conjec-
ture that the near-threshold behavior of bursts is similar in
real and synthetic networks.

4.2 Simulations

We emphasize that the exact coefficient amax is hard to
obtain by simulations due to several reasons: a) The SIS pro-
cess on finite-size networks has no sharp phase transition;
b) Around the mean-field epidemic threshold, most realiza-
tions of the simulation die out (entering the absorbing all-
healthy state) in a relatively short time. The time when the
process is in the metastable state is hard to determine;
c) The prevalence yþ1ð~tÞ and the normalized effective infec-
tion rate ~t ¼ t=tðBÞc � 1 are small just above the mean-field
threshold, and the numerical error of the exact coefficient

yþ1ð~tÞ=~t can be large (since ~t � 0). Thus, only an approxima-
tion of the coefficient amax can be obtained by simulations.

In our simulations of the bursty SIS process, all nodes are
infected at time t ¼ 0 to prevent early die-out [34]. If a node
is infected at time t, then the infected node will be cured at
time tþ T where T is an exponential random variable with
mean 1=d and all its neighbors will be infected at time
tþ 1=b if T > 1=b. Each realization of the bursty SIS pro-
cess runs for 50 time units (simulations stop at t ¼ 50) which
are long enough under our setting and 105 realizations are
simulated for each network. During the simulation of the
bursty SIS process, the number of infected nodes is recorded
every 0.01 time unit for each realization and the prevalence
is calculated by averaging all realizations. The coefficient
amax is calculated by dividing the last local maximum of the
recorded prevalence by ~t.

The simulation result on ER random graphs is shown in
Fig. 2a for ~t ¼ 0:0001 and curing rate d ¼ 4. The results on
power-law networks is shown in Fig. 2b for ~t ¼ 0:1 and
d ¼ 2. We also perform the simulations on exponential net-
works as shown in Fig. 2c, for ~t ¼ 0:1with d ¼ 1 form ¼ 1; 2

Fig. 2. (a): The coefficient amax and amin of ER networks; (b): The coefficients amax of networks with power-law degree distribution converge to zero
with network size N ; (c): The coefficient amax of networks with exponential degree distributions; (d): The coefficient amax of some well studied real
networks: Email-URV [36], hep-th [37], PGP [38], astro-ph [37], Internet [39], Email-Enron [40], and cond-mat 2005 [37].
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and d ¼ 2 for m ¼ 4. The different settings of parameters ~t
and d are based on the relaxation time of the process, i.e.,
the time that the prevalence curve approaches zero visually.
In the cases of power-law and the exponential graphs,
most of the realizations die out and the prevalence is calcu-
lated by averaging the realizations which do not die out at
t ¼ 45. In the power-law and the exponential graphs,
the simulation results are amazingly consistent with the
mean-field theoretical results even though correlations of
the infection state between neighbors are omitted in the
mean-field analysis. In the ER graphs, the mean-field
approximation does not perform well because the correla-
tions play a role in sparse networks with homogeneous
degree distribution [35]. However, the variation of the simu-
lated coefficient amax with the network size N agrees
with the mean-field results: Fig. 2a indicates delocalization
while Figs. 2b and 2c indicate localization of the bursty
SIS process.

5 CONCLUSION

In this paper, we study the localization of the SIS process on
networks. We specifically study a bursty SIS model which
possesses a non-constant steady-state prevalence. In the
bursty SIS model, the infected nodes can infect all healthy
neighbors periodically to reach as many nodes as possible,
and the prevalence is magnified by a divergent factor equal
to the largest eigenvalue �1 in the thermodynamic limit. We
show that the spreading process is still localized even if the
bursty mechanism is applied, and our result introduces an
open problem: are there any spreading dynamics leading to
a delocalized spreading on networks with localized princi-
pal eigenvectors? If there exists such a case, then our analy-
sis shows that the infection dynamic with a Poisson curing
process must magnify the near-threshold prevalence y1ð~tÞ
of the traditional SIS model by a factor in the order of OðNzÞ
for some value of z 2 ð0; 1Þ.

ACKNOWLEDGMENTS

We thank Sergey Dorogovtsev and Karel Devriendt for their
helpful discussion. Q.L. is thankful for the support from
China Scholarship Council.

REFERENCES

[1] M. Nykter, N. D. Price, M. Aldana, S. A. Ramsey, S. A. Kauffman,
L. E. Hood, O. Yli-Harja, and I. Shmulevich, “Gene expression
dynamics in the macrophage exhibit criticality,” Proc. Nat. Academy
Sci. United States America, vol. 105, no. 6, pp. 1897–1900, 2008.

[2] C. Furusawa and K. Kaneko, “Adaptation to optimal cell growth
through self-organized criticality,” Phys. Rev. Lett., vol. 108, no. 20,
2012, Art. no. 208103.

[3] M. G. Kitzbichler, M. L. Smith, S. R. Christensen, and E. Bullmore,
“Broadband criticality of human brain network synchronization,”
PLoS Comput. Biol., vol. 5, no. 3, 2009, Art. no. e1000314.

[4] R. Pastor-Satorras andA. Vespignani, “Epidemic spreading in scale-
free networks,” Phys. Rev. Lett., vol. 86, no. 14, 2001, Art. no. 3200.

[5] R. Pastor-Satorras,C.Castellano, P.VanMieghem, andA.Vespignani,
“Epidemic processes in complex networks,” Rev. Modern Physics,
vol. 87, no. 3, 2015, Art. no. 925.

[6] A. V. Goltsev, S. N. Dorogovtsev, J. G. Oliveira, and J. F. Mendes,
“Localization and spreading of diseases in complex networks,”
Phys. Rev. Lett., vol. 109, no. 12, 2012, Art. no. 128702.

[7] R. S. Ferreira, R. Da Costa, S. Dorogovtsev, and J. F. F. Mendes,
“Metastable localization of diseases in complex networks,” Phys.
Rev. E, vol. 94, no. 6, 2016, Art. no. 062305.

[8] G. F. de Arruda, E. Cozzo, T. P. Peixoto, F. A. Rodrigues, and
Y. Moreno, “Disease localization in multilayer networks,” Phys.
Rev. X, vol. 7, no. 1, 2017, Art. no. 011014.

[9] F. D. Sahneh, A. Vajdi, and C. Scoglio, “Delocalized epidemics on
graphs: Amaximum entropy approach,” in Proc. IEEEAmer. Control
Conf., 2016, pp. 7346–7351.

[10] R. B. Griffiths, “Nonanalytic behavior above the critical point in a
random Ising ferromagnet,” Phys. Rev. Lett., vol. 23, no. 1, 1969,
Art. no. 17.

[11] W. Cota, S. C. Ferreira, and G. �Odor, “Griffiths effects of the
susceptible-infected-susceptible epidemicmodel on randompower-
law networks,” Phys. Rev. E, vol. 93, no. 3, 2016, Art. no. 032322.

[12] M. A. Mu~noz, R. Juh�asz, C. Castellano, and G. �Odor, “Griffiths
phases on complex networks,” Phys. Rev. Lett., vol. 105, no. 12,
2010, Art. no. 128701.

[13] P. Moretti and M. A. Mu~noz, “Griffiths phases and the stretching
of criticality in brain networks,” Nature Commun., vol. 4, 2013,
Art. no. 2521.

[14] P. VanMieghem, J. Omic, and R. Kooij, “Virus spread in networks,”
IEEE/ACMTrans. Netw., vol. 17, no. 1, pp. 1–14, Feb. 2009.

[15] C. Castellano and R. Pastor-Satorras, “Thresholds for epidemic
spreading in networks,” Phys. Rev. Lett., vol. 105, no. 21, 2010,
Art. no. 218701.

[16] P. Van Mieghem, “Epidemic phase transition of the SIS type in
networks,” Europhysics Lett., vol. 97, no. 4, 2012, Art. no. 48004.

[17] E. C. Titchmarsh, D. R. Heath-Brown, et al., The Theory of the
Riemann Zeta-Function. London, U.K.: Oxford Univ. Press, 1986.

[18] P. Van Mieghem, Performance Analysis of Complex Networks and
Systems. Cambridge, U.K.: Cambridge Univ. Press, 2014.

[19] S. Chatterjee, R. Durrett, et al., “Contact processes on random
graphs with power law degree distributions have critical value
0,” Ann. Probability, vol. 37, no. 6, pp. 2332–2356, 2009.

[20] M. Bogun�a, C. Castellano, and R. Pastor-Satorras, “Nature of the epi-
demic threshold for the susceptible-infected-susceptible dynamics
in networks,” Phys. Rev. Lett., vol. 111, no. 6, 2013, Art. no. 068701.

[21] R. Pastor-Satorras and C. Castellano, “Distinct types of eigenvector
localization in networks,” Sci. Rep., vol. 6, 2016, Art. no. 18847.

[22] R. Pastor-Satorras and C. Castellano, “Eigenvector localization
in real networks and its implications for epidemic spreading,”
J. Statistical Physics, vol. 173, pp. 1110–1123, 2018.

[23] P. Van Mieghem, Graph Spectra for Complex Networks. Cambridge,
U.K.: Cambridge Univ. Press, 2010.

[24] C. Castellano and R. Pastor-Satorras, “Relating topological deter-
minants of complex networks to their spectral properties: Struc-
tural and dynamical effects,” Phys. Rev. X, vol. 7, no. 4, 2017,
Art. no. 041024.

[25] E. Cator andP.VanMieghem, “Susceptible-infected-susceptible epi-
demics on the complete graph and the star graph: Exact analysis,”
Phys. Rev. E, vol. 87, no. 1, 2013, Art. no. 012811.

[26] P. Van Mieghem, “Approximate formula and bounds for the time-
varying susceptible-infected-susceptible prevalence in networks,”
Phys. Rev. E, vol. 93, no. 5, 2016, Art. no. 052312.

[27] Q. Liu and P. VanMieghem, “Burst of virus infection and a possibly
largest epidemic threshold of non-Markovian susceptible-infected-
susceptible processes on networks,” Phys. Rev. E, vol. 97, no. 2, 2018,
Art. no. 022309.

[28] F. Chung, L. Lu, and V. Vu, “Eigenvalues of random power law
graphs,” Ann. Combinatorics, vol. 7, no. 1, pp. 21–33, 2003.

[29] K.-I. Goh, B. Kahng, and D. Kim, “Universal behavior of load
distribution in scale-free networks,” Phys. Rev. Lett., vol. 87, no. 27,
2001, Art. no. 278701.

[30] S. N. Dorogovtsev and J. F. Mendes, Evolution of Networks: From
Biological Nets to the Internet and WWW. Oxford, U.K.: Oxford
Univ. Press, 2013.

[31] A.-L. Barab�asi and R. Albert, “Emergence of scaling in random
networks,” Sci., vol. 286, no. 5439, pp. 509–512, 1999.

[32] A. D. Broido and A. Clauset, “Scale-free networks are rare,”
arXiv:1801.03400, 2018.

[33] M. P. Stumpf and M. A. Porter, “Critical truths about power
laws,” Sci., vol. 335, no. 6069, pp. 665–666, 2012.

[34] Q. Liu and P. Van Mieghem, “Die-out probability in sis epidemic
processes on networks,” in Complex Networks & Their Applications
V, H. Cherifi, S. Gaito, W. Quattrociocchi, and A. Sala, Eds. Cham,
Switzerland: Springer, 2017, pp. 511–521.

[35] Q. Liu and P. Van Mieghem, “Autocorrelation of the susceptible-
infected-susceptible process on networks,” Phys. Rev. E, vol. 97,
no. 6, 2018, Art. no. 062309.

988 IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING, VOL. 6, NO. 4, OCTOBER-DECEMBER 2019



[36] R.Guimera, L.Danon,A.Diaz-Guilera, F.Giralt, andA.Arenas, “Self-
similar community structure in a network of human interactions,”
Phys. Rev. E, vol. 68, no. 6, 2003, Art. no. 065103.

[37] M. E. Newman, “The structure of scientific collaboration
networks,” Proc. Nat. Academy Sci. United States America, vol. 98,
no. 2, pp. 404–409, 2001.

[38] M. Bogu~n�a, R. Pastor-Satorras, A. D�ıaz-Guilera, and A. Arenas,
“Models of social networks based on social distance attachment,”
Phys. Rev. E, vol. 70, no. 5, 2004, Art. no. 056122.

[39] M. Newman, “Mark Newman’s network data,” Apr. 2013. [Online].
Available: http://www-personal.umich.edu/mejn/netdata/

[40] J. Leskovec and A. Krevl, “SNAP datasets: Stanford large network
dataset collection,” Jun. 2014. [Online]. Available: http://snap.
stanford.edu/data

Qiang Liu received the bachelor’s degree in tele-
communication engineering and themaster’s degree
in cryptography from the University of Electronic
Science and Technology of China, in 2012 and 2015.
He is working toward the PhD degree at the Delft
University of Technology.

Piet Van Mieghem received the master’s and
PhD degrees in electrical engineering from the
K.U. Leuven, Belgium, in 1987 and 1991, respec-
tively. He is professor with the Delft University of
Technology with a chair in telecommunication net-
works and chairman of the section Network Archi-
tectures and Services (NAS) since 1998. Before
joining Delft, he worked with the Interuniversity
Micro Electronic Center (IMEC) from 1987 to 1991.
During 1993 to 1998, he was a member of the
Alcatel Corporate Research Center in Antwerp

where he was engaged in performance analysis of ATM systems and in
network architectural concepts of both ATMnetworks (PNNI) and the Inter-
net. Hewas a visiting scientist withMIT (Department of Electrical Engineer-
ing, 1992-1993) and a visiting professor with UCLA (Department of
Electrical Engineering, 2005), at Cornell University (Center of Applied
Mathematics, 2009) and at Stanford University (Department of Electrical
Engineering, 2015). He wasmember of the editorial board of theComputer
Networks (2005-2006), the IEEE/ACM Transactions on Networking (2008-
2012), the Journal of DiscreteMathematics (2012-2014) and theComputer
Communications (2012-2015).

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.

LIU AND VAN MIEGHEM: NETWORK LOCALIZATION IS UNALTERABLE BY INFECTIONS IN BURSTS 989

http://www-personal.umich.edu/ mejn/netdata/
http://snap.stanford.edu/data
http://snap.stanford.edu/data


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /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 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /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

  /CreateJDFFile 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 (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


