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Abstract—Boolean network model has been applied to describe
a series of biological systems. The stability of attractors of
certain type of Boolean Networks is considered as one of the
key directions to investigate the properties of Boolean network
model. Due to the vast heterogeneity in topological and dynamical
properties among different vertices, a small fraction of vertices
could make a great influence on the dynamics. In this paper,
we propose a dynamical voter rank algorithm to identify the
influential vertices regarding the stability. In this algorithm, the
voting score takes into account not only the topological properties,
but also the dynamical properties of the vertices. The dynamical
voter rank algorithm is observed to be more efficient than high
degree adaptive, eigenvector centrality and Google PageRank
algorithms in cases of both real and classical Boolean network
model simulation. QOur work provides an efficient method to
identify the important vertices in Boolean networks, which may
help to locate certain kinds of virulence genes.

Index Terms—Boolean network, stability, influential vertices,
dynamical voter rank

I. INTRODUCTION

The Boolean network model has been attracting much
interest since it was first proposed by Kauffman in 1969
[?]. Due to its capability of illustrating the dynamics of
complex systems in a rather concise manner, the Boolean
network model has been widely applied to a variety of research
fields, such as intracellular genetic regulatory dynamics [?],
[?] and spreading process in human social networks [?], [?].
A typical Boolean network usually consists of N vertices
which take binary values. Among these vertices there exist
M directed edges representing their regulatory relationships.
The specific interactions among the vertices are given by a
set of Boolean functions, which are often referred to as the
update functions. The system evolves at discrete time steps.
At each step, the value of each vertex updates according to
the update function. During the past decades, researchers have
been studying the dynamics of Boolean networks with various
topology and various update functions [?], [?], [?], [?]. These
contributions have greatly extend the range of application of
Boolean network models.

As the system evolves, the Boolean network will eventually
goes back to one of its previous states, since the size of the
state space is finite. Given fixed update functions, the system
will eventually evolves along a cycled orbit in the state space,
which is usually called an attractor. The attractors are so
important that they are used to explain various phenomena in

real world complex system dynamics. For example, in single-
celled organisms, the attractors correspond to the different
stages of life circle, such as growing, cell division and dying
[?]; As for multicellular organisms, such as humans, the
attractors explain the variety of types of cells generated from
cell differentiation [?]. One big problem on the study of
attractors is the stability, which is, the ability to eliminate small
perturbations as time evolves. Without the stability of gene
regulatory network, the human race could suffer so serious
genetic mutations that we are even unlikely to survive so many
generations to create the civilization that we enjoy today.

Over the past decades, continuous contributions have been
made by various researchers to studying the stability of
Boolean networks. In 1985, the annealed approximation was
proposed by Derrida et al. [?] that gave the stability criterion
of their random Boolean network model. This method, which
is based on the mean field theory, has been quickly applied to
networks with various degree distributions [?], [?] and update
functions [?], [?]. However, due to the complexity of real
world networks, there are lots of topological properties that is
beyond the description of degree distributions, like community
structure and so on. It was still rather difficult to deal with the
stability problem of a single target network until Pomerance et
al. proposed the semi-annealed approximation [?] in 2009. The
semi-annealed approximation takes into account the adjacent
matrix of the network, so it enables us to deal with the
stability of Boolean networks with arbitrary topology. With
this method, researchers are finally able to study a series
of Boolean network models constructed from real biological
systems [?], [?]. Till today, the stability of Boolean networks
still attracts the attention of many researchers, as evidence
illustrates that this problem has a close relationship with
certain kinds of cancer [?].

Among the research articles studying the stability of
Boolean networks, most of them focus on the macroscopical
criterion that determines the stability with the topological and
dynamical properties. However, due to the vast heterogeneity
of these properties among different vertices in real complex
systems, it is more than likely that the influence of each vertex
is quite different and a small fraction of them is enough to
make a disproportionate effect on the stability of the whole
system. In this paper, we propose the dynamic voter rank
algorithm through which we can identify the highly influential
vertices regarding the stability of Boolean networks. Unlike
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former metrics such as high degree [?], eigenvector centrality
[?] and Google PageRank [?], the proposed algorithm takes
into account not only the topological properties, but also the
dynamical properties of vertices with respect to stability. To
verify the effectiveness of our algorithm, we perform simu-
lations on several different Boolean networks, including two
classical toy models and a real network constructed according
to data obtained from a survey. Results show that our algorithm
outperforms the traditional benchmark metrics. What’s more,
our algorithm also has superior computational efficiency.

II. STABILITY OF BOOLEAN NETWORKS

In this section, we propose a mathematical framework of
Boolean network model and its stability. A Boolean net-
work consists of N vertices connected with M directed
edges. For each vertex ¢, its state, often denoted as x;, can
only take one of the following two states: on (1) or off
(0). The interactions among the vertices are given by N
Boolean functions {fi, f2,...fn}, which are often referred
to as the update functions. At a time step f, the state of
the network is then represented as an /N-dimensional vector
X(t) = (z1(t), z2(t), ...xn(t)). At the next step, all vertices
update their states synchronously according to X (¢) and the
update functions. For vertex i, given that it has k; inputs
Xi = (i, Tiy, ..., ), the update process can be represented
as:

zi(t+1) = fi(wi, (1), i, (1), ..y, (8) = fi(Xi(2). (D

The adjacent matrix A is used to represent the structure of
Boolean network, whose elements A;; = 1 if there exists an
edge from vertex j to 4, otherwise A;; = 0.

As for the stability of Boolean network, we start by con-
sidering two initial states X (fo) and X (to). The Hamming
distance between the states is defined as:

T

H(to) = N;Lﬁ?l(to) —.i'i<t0>|. (2)
The Hamming distance is the fraction of nodes that take
different values in X (to) and X (t), which corresponds to the
fraction of genes that are not working normally at the begin-
ning. To define stability, we assume that [V is large enough and
the initial values are close, i.e., H(X(t), X(to)) < 1. Our
main concern is the long-time behavior of H(t) as t — oo. If
the Hamming distance H (t) decreases to zero, the network is
considered to be stable, which indicates the system eventually
goes back to normal after given small perturbation. If it could
not converge to 0 and grows to O(1), the network is considered
unstable. The dynamics of an unstable Boolean network can
be easily influenced by small perturbation, and it will not go
back to normal state spontaneously.

III. DYNAMICAL VOTER RANK ALGORITHM

In this section, we discuss the dynamical voter rank algo-
rithm to identify the influential vertices regarding the stability
of Boolean networks. In previous research articles, researchers
mainly focus on the criterion that decides whether a Boolean

network is stable or not. In a stable Boolean network, small
perturbation tends to vanish spontaneously with time, while
in an unstable network, it could make remarkable influence
on the dynamics of the whole system. Concerning the vast
heterogeneity in topological and dynamical properties among
different vertices in Boolean networks, we can not help to
think of the problem of identifying the most influential vertices
regarding stability. By controlling these influential vertices,
we are able to make a great influence on the dynamics of
the network at a low expense. Here by controlling we mean
to keep the vertex unaffected from all possible perturbation.
Let us suppose that we are able to control all vertices in the
network, in this case it is easy to achieve full influence that
is enough to stabilize any Boolean network. But what if we
could only control a small fraction of them? It is quite obvious
that we certainly could not expect the maximum influence
by selecting the targets randomly. In the following passages,
we propose our dynamical voter rank algorithm to identify
the most influential set of vertices regarding the stability of
Boolean networks. With the help of the greedy algorithm, we
pick the influential vertices one after another until the desired
influence is finally achieved.

To start with, we introduce the concepts of activity and
sensitivity proposed by Shmulevich and Kauffman [?]. For an
update function f;, we use X; to represent the set of vertices
that input into ¢. Let us consider one single vertex j in X,
the activity of variable x; regarding f; is defined as:
0fi(X)

;' = —= Fr
Xe{0,1}¥ g

3)

The partial derivative of f; with respect to x; is a,gij() =

J(X3,0) B f(X(5,1)), where @ is addition modulo 2 and
X(im) = (331, ey L1 My L1y oeey JZK), n = O, 1. The sensi-
tivity of f; is defined as the probability that f; outputs different
values when given different inputs. Specifically, for vertex <,
its sensitivity can be represented as:

K
s =Y EXIf(X Pe) # LX), )
i=1
where e; is the unit vector with 1 only in the ith position,
and x[A4] is the indicator function which equals to one if and
only if A is true. Assuming that all of the inputs are uniformly
distributed, the sensitivity of vertex ¢ is equal to the sum of
the activities of its input vertices:

K
sfi = Z af’i .
=1

In our dynamical voter rank algorithm, every vertex ¢ is
attached with a tuple (,UZ, vi). 1, is an N — dimensional voting
vector and its elements ;] encodes the activity of vertex 4
regarding the update function of vertex j, which is

)

i gl
=a;’.

2% (6)
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v; is the voting score of vertex ¢, which is defined as the sum
of the activities of vertex ¢ over all the update functions:

N
vi= . )
j=1

The voting score v; stands for the maximum possible impact of
vertex ¢ regarding the dynamics of the Boolean network, which
we use to identify its influence. To achieve the maximum
influence with a minimum set of controlled vertices, we use
the greedy algorithm and pick the influential vertices one after
another. Specifically, we follow the following procedures:

step 1: Calculate the initial voting vector u; and the voting
score v; for each vertex.

step 2: Pick the vertex with the highest voting score and
remove it from the network. This vertex will not participate
in subsequent steps.

step 3: Update the information of the voting vectors and
voting scores for all vertices.

step 4: Repeat step 2 and step 3 till the desired influence is
achieved.

The dynamical voter rank algorithm is scalable for large
networks with a computational complexity O(N log N). Com-
puting the voting vector and the voting score is equivalent to
visiting the neighbors of each vertex, therefore it takes O(1)
time to compute the voting score of each vertex. Initially, we
have to calculate the voting score of all vertices in the network.
However, during later steps, we only have to recalculate for
vertices within a [ = 1 radius from the selected vertex,
which scales as O(N). When it comes to selecting the vertex
with the highest voting score, we can make use of the data
structure of heap that takes O(log N) time. Therefore, the
overall complexity of the dynamical voter rank algorithm is
O(NlogN).

IV. RESULTS

In this section, we test the performance of the dynamical
voter rank algorithm on three different network, including two
classical toy models and a real network. The first one that
we consider is Kauffman’s original N — K network model,
in which all vertices have exactly K inputs randomly selected
from the other N —1 vertices. The degree distribution of N —K
network model does not exhibit much heterogeneity, which is
quite different from the reality for most genetic regulatory
networks. Considering that real genetic regulatory networks
usually have short tailed in-degree distributions and long-
tailed out-degree distributions [?], [?], the second network is
constructed with Poisson distributed in-degrees and scale-free
out-degrees. These two networks are both typical toy models
of Boolean network. However, it’s not enough if we only test
the performance of dynamical voter rank algorithm only on
toy models. We have to prove its validity on real networks
as well. Therefore, we construct the third network using data
from a survey on the social relationship among adolescents
[?]. On each of the three networks above, the update functions
are given in the form of truth tables. For a given input of f;,

its corresponding output is randomly chosen from {0, 1} with
probability 0.5.

On each network, we compare the performance of dy-
namical voter rank algorithm with the following methods:
high degree (HD), eigenvector centrality (EC), and Google
PageRank (PR), which have been widely applied to detect
influential vertices in complex networks. High degree metric,
as its name implies, defines the influence of a vertex 7 with its
degree. To get better performances, here we adopt the adaptive
version of high degree metric (HDA). After each selection, the
degree of each vertex is recalculated. However, as it has been
mentioned in various studies, vertices with high degree don’t
necessarily possess high influence. The eigenvector centrality
fixes this problem by considering not only the number of a
vertex’s neighbours, but also the influence of them, known
as the mutual enhancement effect. For each vertex ¢, its
eigenvector centrality EC; is given by

EC; =Y Aj;EC;. (8)
J

PageRank is another famous algorithm that is used to rank
websites in Google search engines and other commercial
scenarios. According to the RageRank algorithm, the influence
of a webpage is determined by random walking on the network
constructed from the relationships of web pages. Mathemati-
cally, the PageRank score of vertex ¢ is calculated as

PR,
PR; =) Aijout 9)
j J

To derive the influence of the selected controlled vertices,
we observe the behavior of the average Hamming distance
(H). To start with, we create a Boolean network with fixed
topology and fixed update functions. Then we calculate the
initial value of (H). After that, we select and control one
top influential vertex and recalculate (H). As we repeat
the selection and recalculation steps we obtain a series of
values of the average Hamming distance. Let ¢ represent the
fraction of controlled vertices. When ¢ increases gradually
from O to 1, the average Hamming distance will decreases
till (H) = 0, which represents that the network achieves
stabilization. Our main concern is the critical point g. at which
the network becomes stable. If an algorithm enables us to
achieve stabilization with a smaller set of vertices controlled,
we can conclude that this algorithm outperforms the others by
identifying a set of more influential vertices.

As for the calculation of the Hamming distance (H), we
take it as the average of 100 initial values. For each initial
value, H is calculated through the following procedure. First,
we randomly generate an initial values X (¢) and evolve it
according to update functions till o = 100, when we expect
it to have completed any transient behaviors. Next, we chose a
small fraction (¢ = 0.01) of its components and flip their states
to create a perturbed value X (to). In other words, #; (to) = 1—
x;(to) if vertex i is perturbed, otherwise &;(to) = x;(to). The
initial Hamming distance is then H (X (ty), X (to)) = 0.01.
Finally, we take X (to) and X (to) as the initial values and
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evolve both of them in parallel. Here we stress that for vertices
that has been controlled, their states in both orbits are always
the same, since they are immune to any possible perturbations.
Our main interest lies on the long-time behavior of [, which is
calculated by averaging H (X (t), X (t)) from =400 to r=500.
This whole procedure is repeated for 100 times and (H) is
the average of H over all initial values.
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Fig. 1. Normalized average Hamming distance (H) plotted against the
fraction of controlled vertices ¢ in N — K network. The network consists
of 5000 vertices and its average degree equals to 3. The performances of
dynamical voter rank, high degree, eigenvector centrality and PageRank are
respectively represented in green, blue, red and yellow.
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Fig. 2. Normalized average Hamming distance (H) plotted against the
fraction of controlled vertices ¢ in a heterogeneous network. The networks
is constructed according to the configuration model. The in-degrees follow
Poisson distribution and the out-degrees are scale-free. The network consists
of 1000 vertices and its average degree equals to 3. The performances of
dynamical voter rank, high degree,eigenvector centrality and PageRank are
respectively represented in green, blue, red and yellow.

In Fig.?? we plot the average Hamming distance as a func-
tion of the fraction of controlled vertices ¢ 1 in Kauffman’s
N — K network model. The network consists of N = 5000
vertices and its average degree K = 3. For each algorithm, the
average Hamming distance (H) decreases with the increase
of the fraction of controllers ¢g. During the process, the
dynamical voter rank algorithm outperforms the others and
stabilizes the network with the minimal fraction of controllers
qPVE ~ (.15, followed by high degree metric that stabilizes
the network at ¢7P ~ 0.17. As for the other two algorithms,
their performances are rather close to each other. The average
Hamming distance remains (H) ~ 0.15 even when ¢ = 0.2

of vertices in the network are under control. It is beyond our
expectation that the performance of high degree metric beats
those more complex algorithms like eigenvector centrality and
PageRank, which usually perform quite well. One possible
reason could lie in the difference between the stability of
Boolean networks and those problems that these algorithms
are designed for. In these algorithms, a vertex usually exhibits
higher importance if it is pointed by more vertices with higher
importance. However, it’s pretty much the opposite when it
comes to the stability of Boolean network. In this problem,
one vertex enjoys higher influence by pointing to more vertices
with higher influence.
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Fig. 3. Normalized average Hamming distance (H) plotted against the

fraction of controllers ¢ in student social network. The network consists
of 1000 vertices and 4175 edges, which is part of the adolescent social
network constructed according to the survey. The performances of dynamical
voter rank, high degree,eigenvector centrality and PageRank are respectively
represented in green, blue, red and yellow.

Fig.?? shows the performances of the four algorithms on
a heterogeneous network. The networks is constructed using
the configuration model, which consists of 1000 vertices and
its average degree is 3. From Fig.?? we can see that with
the increase of the fraction of controlled vertices ¢, the
network reaches stable region first at ¢”V# ~ 0.04 when
the dynamical voter rank algorithm is applied. Again, the
high degree strategy outperforms the other two algorithms
and stabilizes the network at ¢/’P = 0.07. The performances
of eigenvector centrality and PageRank are pretty similar,
which could not stabilize the network until ¢ = 0.14. When
we compare Fig.?? and Fig.??, we find it interesting that
although these two networks have the same average degree,
the critical point at which the network becomes stable is quite
different even when the same algorithm is applied. In general,
an algorithm can achieve stabilization with a much smaller
fraction of controlled vertices in the heterogeneous network
than in the NV — K network model, since it is easier to control
the dynamics of the whole system if the network exhibits more
topological heterogeneity.

The network structure in Fig.?? is created from a survey
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including 2539 students. In the survey, each student was
asked to list his five best female and five male friends. Each
vertex represents a student and an edge from vertex ¢ to
7 means that student ¢ chose student j as a friend. In the
simulation, we chose part of the network that contains 1000
students among them. In Fig.?? we find again that dynamical
voter rank algorithm outperforms the others. As a matter
of fact, the dynamical voter rank is the only algorithm that
is able to achieve stabilization at ¢°VF ~ 0.18, while for
the other algorithms, the network will not be stabilized even
when 20 percent of the vertices are under control. This result
fully support our theory and our numerical simulations that
dynamical voter rank algorithm is able to identify the top
influential vertices regarding the stability of Boolean networks
with higher accuracy.

V. CONCLUSION

In this paper, we propose the dynamical voter rank algorithm
to identify the influential vertices regarding the stability of
Boolean networks. Different from the other benchmark algo-
rithms such as high degree adaptive, eigenvector centrality
and Google PageRank, the dynamical voter rank consider
not only the topological properties, but also the dynamical
properties of vertices, which play an important role in the
stability of Boolean networks. To test the performance of
dynamical voter rank, we construct two classical Boolean
networks and a real-world network on which we compare
the performance of our algorithm with other three algorithms:
high degree adaptive, eigenvector centrality and PageRank.
In all of the three networks, the performance of dynamical
voter rank outperforms the others. We also find that for
networks with the same average degree, the top influential
vertices possess even superior influence in a Boolean network
with more heterogeneity. The computational complexity of
the dynamical voter rank algorithm is O(NN log N), which
allows its application to networks of enormous size. This could
contribute to identifying the virulence genes that cause serious
inherited disease and to stopping the wide spread of rumor in
online social networks.

ACKNOWLEDGMENT

This work was supported by National Natural Science
Foundation of China (11401017, 11571028 11671025 and
11290141), Fundamental Research Funds for the Central Uni-
versities, Fundamental Research of Civil Aircraft (MJ-F-2012-
04).

REFERENCES

[1] S. A. Kauffman, J. Theor. Biol. 22, 437 (1969).

[2] R. Serra, M. Villani, A. Barbieri, S. A. Kauffman, and A. Colacci, J.
Theor. Biol. 265.2, 185 (2010).

[3] M. Villani, A. Barbieri, and R. Serra, PloS ONE 6(3), e17703 (2011).

[4] M.E.J. Newman, Phys. Rev. E 66.1, 016128 (2002).

[5] P. Rdmo, S. A. Kauffman, J. Kesseli, and O. Yli-Harja, Physica (Ams-
terdam) 227D, 100 (2007).

[6] I. Shmulevich, E. R. Dougherty, S. Kim, and W. Zhang, Bioinformatics
18, 261 (2002).

[7]1 1. Shmulevich, E. R. Dougherty, and W Zhang, Proceedings of the IEEE
90.11, 1778-1792 (2002).

[8] M. Aldana, Physica D 185, 45 (2003).

[91 A. A. Moreira and L. A. Nunes Amaral, Phys. Rev. Lett. 94, 218702
(2005)

[10] B. Derrida, and Y. Pomeau, Europhys. Lett. 1(2), 45 (1986).

[11] D.-S. Lee and H. Rieger, J. Phys. A 41, 415001 (2008).

[12] S. A. Kauffman, C. Peterson, B. Samuelsson, and C. Troein, Proc. Natl.
Acad. Sci. 101(49), 17102 (2004).

[13] A. Pomerance, E. Ott, M. Girvan, and W. Losert, Proc. Natl. Acad. Sci.
106(20), 8209 (2009).

[14] E. Cozzo, A. Arenas, and Y. Moreno, Phys. Rev. E 86(3), 036115 (2012).

[15] S. Squires, A. Pomerance, M. Girvan, and E. Ott, Phys. Rev. E 90(2),
022814 (2014).

[16] R. Albert, H. Jeong, and A.-L. Barabsi, Nature (London) 406, 378
(2000).

[17] P. E. Bonacich, J. Math. Sociol. 2, 113 (1972).

[18] L. Page, S. Brin, R. Motwani, and T. Winograd, The PageRank Citation
Ranking: Bringing Order to the Web (Stanford InfoLab, 1999).

[19] I. Shmulevich and S. A. Kauffman, Phys. Rev. Lett. 93, 048701 (2004).

[20] N. Guelzim, S. Bottani, P. Bourgine, and F. Kepes, Nat. Genet. 31, 60
(2002).

[21] R. Dobrin, Q. K. Beg, A. L. Barabasi, and Z. N. Oltvai, BMC
Bioinformatics 5, 10 (2004).

[22] J. Moody, Soc. Networks 23, 261 (2001).

1020




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /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 /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /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
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /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 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /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 400
  /MonoImageMinResolutionPolicy /OK
  /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

  /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 "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


