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Abstract. Finding the most influential nodes is an important issue in
social network analysis. To tackle this issue, Kempe et al. proposed the
natural greedy strategy, which, although provides a good approximation,
suffers from high computation cost on estimating the influence function
even if adopting an efficient optimization. In this paper, we propose a
simple yet effective evaluation, the expectation, to estimate the influence
function. We formulate the expectation of the influence function and
its marginal gain first, then give bounds to the expectation of marginal
gains. Based on the approximation to the expectation, we put forward a
new greedy algorithm called Greedy Estimate-Expectation (GEE), whose
advantage over the previous algorithm is to estimate marginal gains via
expectation rather than running Monte-Carlo simulation. Experimental
results demonstrate that our algorithm can effectively reduce the running
time while maintaining the influence spread.

1 Introduction

Information diffusion is one of the most important issues in social network anal-
ysis. A problem in this field is to find a k -nodes subset S that nodes in S can
influence the largest number of nodes in the whole network. This problem, re-
ferred as influence maximization problem, can be applied to many areas such as
product marketing and application promotion in online communities.

Domingos and Richardson [1][2] first investigated the influence propagation
in the area of viral marketing [3][4]. Then, Kempe et al. [5] formulated the influ-
ence maximization problem. They proposed a natural greedy algorithm to solve
the influence maximization problem, which provided a (1− 1/e)-approximation.
However, their greedy algorithm was quite time-consuming to evaluate the in-
fluence spread, as it needed to run random process for a large amount of times
to guarantee an accurate estimate on the influence spread.
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Recent researches have focused on solving this drawback, and several im-
provements have been proposed. Leskovec et al. put forward an optimization
called Cost-Effective Lazy Forward (CELF) [6]; Kimura and Saito posed a bond-
percolation based improvement [7] and a model called SPM (Shortest Path
Model) [8]; Chen et al. [9] studied the influence maximization from two com-
plementary directions: one was to improve the simple greedy algorithm, and the
other was to design new efficient heuristics.

In this paper, we propose a novel evaluation, the expectation, to the influence
spread, whose advantage is that it avoids running Monte-Carlo simulation. We
formulate the expectation of influence function and its marginal gain, and give
bounds to the expectation of marginal gains in theory. Then, we show that a
good estimate on the expectation can be obtained by graph-based algorithms,
and furthermore, a pruning technique is proposed for estimating the expectation.

Based on the expectation, a new greedy algorithm, referred as GEE (Greedy
Estimate-Expectation), is put forward for the influence maximization problem.
Experimental results demonstrate that GEE is well-performed in the influence
spread and running time for both independent cascade (IC) model and weighted
cascade (WC) model compared to the simple greedy algorithm with CELF op-
timization (10-140 times faster in running time and only at most 2.4% lower in
influence spread). And moreover, the running time would be even faster if we
apply CELF optimization to our GEE algorithm.

The main contributions of this paper can be concluded as follows: first, we
provide a novel evaluation, the expectation, to estimate the influence function,
which, to the best of our knowledge, is the first time that using expectation to
circumvent a large amount of computation on running random process; second,
we give a theoretical explanation to the effectiveness of SPM (Shortest Path
Model) [8]; third, we put forward the first expectation-based greedy algorithm
and demonstrate its effectiveness on real-life networks.

2 Background

Influence Maximization Problem. We define σ(S) as the number of nodes
that are influenced by k-nodes set S, then the influence maximization problem
is formulated as finding a subset Ŝ in V, where |Ŝ| = k, to maximize σ(Ŝ). The
computation of σ(S) is based on information diffusion models.

Information Diffusion Models. We discuss two information diffusion models:
independent cascade model and weighted cascade model [5]. In both of them,
node v is influenced by its neighbor u with a probability pu,v. In IC model, pu,v

is an independent parameter, and in WC model, pu,v is assigned to 1/dv.
The information diffusion process for two models is described below [5]. First,

the initiate set S is given. We call nodes in S active nodes, while nodes in V \S
inactive. Nodes can transform from active state to inactive state, but can not
switch verse vice. When node u first becomes active at step t, it provides only
a single chance to activate each currently inactive neighbor v with probability
pu,v. If u succeeds, v will become active at step t + 1, and u can not activate
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v any more after step t. If v has multiple active neighbors at step t, neighbors’
activations are sequenced in an arbitrary order. The diffusion process stops when
there are no more activities in the network.

General Greedy Algorithm. Kempe et al. proposed a simple greedy algorithm
to approximate the solution [5], which starts with an empty set S = ∅, and
iteratively, selects a node u for set S to maximize the marginal gain δs(u) =
σ(S ∪ {u}) − σ(S), then the algorithm stops until |S| = k.

σ(S) is computed by simulating the random process for R times (R could be
very large in order to guarantee efficiency). Leskovec et al. [6] proposed a CELF
optimization, which can get the same result but is much faster than Kempe et
al.’s algorithm, for its great reduction of computing δs(u). But it still costs for
hours on large-scale networks.

3 Proposed Method

In this section, we use expectation to estimate the influence function σ(S) and
the marginal gain δs(u), and give an approximation to the expectation of δs(u).
Then we propose an algorithm called Greedy Estimate-Expectation(GEE) for the
influence maximization problem.

3.1 Estimate on Expectation

We denote p(S, v) as the propagation probability that v is influenced by Set S.
Suppose the probabilities that other nodes influence node v are independent,
according to information diffusion models described above, we have p(S, v) =
1 − ∏

∀u∈S (1 − p(u, v)).
The expectation of σ(S), formulated as E(σ(S)), is:

E(σ(S)) =
∑

∀v∈V

p(S, v) ∗ |{v}| =
∑

∀v∈V

p(S, v) (1)

According to δs(u) = σ(S ∪ {u}) − σ(S) and the above equations, we have
E(δs(u)) =

∑
∀v∈V (1 − p(S, v)) ∗ p(u, v). Suppose R(u, G) is the set of nodes

which are reachable from u, so:

E(δs(u)) =
∑

v∈R(u,G)

(1 − p(S, v)) ∗ p(u, v) (2)

We denote ppathi(u, v) as the propagation probability from u to v through
path i. Let p̂(u, v) = max{ppathi(u, v)|v ∈ R(u, G)}, and λu = max{λu,v|v ∈
R(u, G)}, where λu,v is the number of paths from u to v.

Theorem 1. For IC model and WC model, if p(S, v) is given, then:
∑

v∈R(u,G) (1 − p(S, v)) ∗ p̂(u, v) ≤ E(δs(u))

≤ min{1, λu

∑
v∈R(u,G) (1 − p(S, v)) ∗ p̂(u, v)}.
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We define ku,v as the distance(shortest path) from u to v, and then, for IC
model with uniform propagation probability p, we have p̂(u, v) = pku,v .

If we denote ti as the number of path whose length is i from node u to node
v, then in IC model, p(u, v) ≤ ∑l

i=ku,v
tip

i, where l is the maximum length of
paths from u to v.

Theorem 2. For IC model with uniform propagation probability p, if p(S, v) is
given, and t = max(tku,v , tku,v+1, ..., tl), then:

E(δs(u)) ≤ t ∗ pn−1−1
p−1

∑
v∈R(u,G) (1 − p(S, v))pku,v .

Theorem 1 gives bounds to the expectation of δs(u) for both IC model and
WC model. Theorem 2 provides an upper bound that is closer to the expectation
of δs(u) for IC model. In a sparse graph with a small value of p, tpn−1−1

p−1 is
close to 1, which means E(δs(u)) can be estimate by

∑
v∈R(u,G) (1 − p(S, v))pku,v

effectively. It is an amazing result that theoretically interprets why Shortest Path
Model (SPM: the model where each node is activated only through the shortest
paths) [8] works well.

Theorem 1 and Theorem 2 show that the expectation of δs(u) can be esti-
mate by computing p̂(u, v). Suppose Ê(σ(S)) is the estimate of E(σ(S)) through
estimating p(u, v) by p̂(u, v), then Ê(δs(u)) =

∑
v∈R(u,G) (1 − p(S, v))p̂(u, v).

According to the equation that p(S ∪ {u}) = p(S, v) + (1 − p(S, v))p(u, v),
p(S ∪ {u}, v) can be estimated by previous p(S, v) in a greedy approximate
algorithm. The value of p(u, v) can be effectively approximated by p̂(u, v). For
IC model, we are able to obtain p̂(u, v) by ku,v through Breadth-First Search
(BFS), which takes O(n(n + m)) time. For WC model, the algorithm to get
p̂(u, v) is resemble to shortest-path algorithm in a weighted graph, such as the
Dijkstra Algorithm. Using Fibonacci heap, the running time is O(n(n log n+m)).

We denote du,max as the maximum degree of node v ∈ R(u, G). Let z =
p ∗ (du,max − 1).

Theorem 3. For IC model with uniform propagation p, if z < 1, ∀ε > 0, ∃K =
	logz (ε ∗ 1−z

dup + zn)
, for all node v ∈ R(u, G) and ku,v ≤ K, then

Ê(δs(u)) − ∑
v∈R(u,G)
ku,v≤K

(1 − p(S, v))pku,v < ε.

Theorem 3 suggests that under the condition of z < 1, Ê(δs(u)) in IC model
can be approximated effectively in the case that ku,v ≤ K, which means BFS for
computing p̂(u, v) can be terminated within K layers! We call this BFS pruned
BFS. For those networks whose K are not large, pruned BFS makes progress in
running time compared to original BFS that takes O(n(n + m)) time.

3.2 GEE Algorithm

We put forward an algorithm called Greedy Estimate-Expectation(GEE) for in-
fluence maximization problem. There are two phases in GEE : calculating p̂(u, v)
and greedily obtaining the set Sk.
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Algorithm 1. Greedy Estimate-Expectation Algorithm
Phase One

1: If MODEL=IC, then Get p̂(u, v) for all (u, v) by full BFS or pruned BFS
2: If MODEL=WC, then Get p̂(u, v) for all (u, v) by Fibonacci heap or pruned BFS

Phase Two

1: Input p̂(u, v) for all (u,v)
2: Initialize S := ∅, and p(S, v) := 0 Foreach v ∈ V
3: for i := 1 to k do
4: Foreach u ∈ V \S, Ê(δs(u)) :=

∑|V |
v=0 p̂(u, v)(1 − p(S, v)), if p̂(u, v)! = 0

5: Select a node u with maximum Ê(δs(u))
6: S := S ∪ {u}
7: p(S, u) := 1
8: Foreach v ∈ V \S, update p(S, v) := p(S, v) + p̂(u, v)(1 − p(S, v))
9: end for

10: return S

The running time of the first phase depends on its implementation. As men-
tioned above, p̂(u, v) for all nodes (u,v) can be obtained by running BFS or
pruned BFS with O(n(n + m)) time or O(n d̄K−1

d̄−1
) time, and by using Fibonacci

heap with O(n(n log n + m)) time. We also take pruned BFS as a complement
for WC model, and it performances well in our experiments.

The second phase of GEE is to get a node u for Sk once at a time with
the maximum Ê(δs(u)). Instead of running random process for sufficient times,
Phrase Two takes O(kn2) in running time, and if we only consider K layers in
BFS, the average running time could be O(kn d̄K−1

d̄−1
). Moreover, we can also use

the CELF optimization to accelerate Phrase Two.
Ê(σ(S)), the estimate function of E(σ(S)), is a submodular function, which

means GEE algorithm provides a (1−1/e)-approximation according to the prop-
erty of submodular function [10].

4 Experiments

We employ two collaboration networks from paper-lists in sections of the e-
print arXiv. The first network is from the ”General Relativity and Quantum
Cosmology” (Gr-Qc) section with 5242 nodes and 28980 edges1. The second
network is from the ”High Energy Physics - Theory” (Hep) section with 15233
nodes and 58891 edges [9]. All experiments are implemented on a PC with Intel
2.20GHz Pentium Dual E2200 processor and 4GB memory.

Table 1 lists algorithmsused in our experiments.Degree andDistance are simple
heuristics used in [5]. Note that in GEE with pruned BFS, if initializing ε = 10−8

and using d̄, then we haveK = 6 in Gr-Qc graph and K = 5 in Hep graph.To make
experiment results convincing, we simulate the random process for R = 20000

1 http://snap.stanford.edu/data/ca-GrQc.html
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Table 1. Algorithms used in experiments

Algorithm Applied Model Description

Degree IC, WC Degree heuristic
Distance IC, WC Distance heuristic

Greedy with CELF IC, WC CELF optimization(R = 20000)
GEE with pruned BFS IC, WC Algorithm 1 (ε = 10−8)

GEE with full BFS IC Algorithm 1
GEE with Fibonacci heap WC Algorithm 1

(a) IC Model for Gr-Qc Graph (b) IC Model for Hep Graph

(c) WC Model for Gr-Qc Graph (d) WC Model for Hep Graph

Fig. 1. Influence spread. (a) IC model for Gr-Qc graph. (b) IC model for Hep graph.
(c) WC model for Gr-Qc graph. (d) WC model for Hep graph.

times (the same as times in [9]), and then, take the average of the influence spread
numbers as the influence spread results for each algorithm.

In IC model, we mainly discuss experiments with an uniform p = 0.01. We
also consider p = 0.02. We do not report its result as its trends on influence
performance and running time are similar to the situation that p = 0.01.

Influence spread. In all figures, we discuss about percentages of influence
spread for the case of k = 40. Figure 1(a)(b) demonstrate the influence spread
results of different algorithms with probability p = 0.01 in IC model. Our GEE
with pruned BFS and GEE with full BFS, performs quite well. They are only
about 1.5% and 2.4% lower than the Greedy with CELF in the Gr-Qc graph
and Hep graph respectively. And the differences between two GEE algorithms
are less than 1%, which means our pruning technique works well as we expect.
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(a) Gr-Qc Graph (b) Hep Graph

Fig. 2. Running time(sec.). (a) Gr-Qc graph. (b) Hep graph.

Figure 1(c)(d) demonstrate the influence spread results of different algorithms
in WC model. The performance of our GEE with pruned BFS and GEE with
Fibonacci heap are quite close to Greedy with CELF. GEE with Fibonacci heap
is only 1.4% and 2.3% lower than the Greedy with CELF in the Gr-Qc graph
and Hep graph respectively. It is surprising that GEE with pruned BFS with
much faster running time, outperforms GEE with Fibonacci heap for some value
of k when k < 40.

Running time. Figure 2 demonstrates the running time of various algorithms.
We do not list running times of Degree and Distance for their poor performances
on the influence spread. Our GEEs run orders of magnitude faster compared to
Greedy with CELF. Specifically, when k = 40, GEE with Fibonacci heap is 11
times and 19 times faster than Greedy with CELF in the Gr-Qc and Hep graph
respectively, and GEE with full BFS is 119 times and 43 times faster than Greedy
with CELF in the Gr-Qc and Hep graph respectively. GEE with pruned BFS,
for its pruning technique, impressively saves the running time for about 80 to
140 times in the Gr-Qc and Hep graph!

5 Discussion

Our GEEs show very impressive experiment results for both IC model and WC
model: they further improve the running time (range from 10 times to 140 times
faster when 40 nodes is selected), while almost match the influence spread of
Greedy with CELF (only 1.4% to 2.4% lower).

There are other well-performed algorithms for the influence maximization
problem: shortest path model(SPM) [8], bond-percolation based algorithm(BP)
[7], and degree discount heuristic [9]. We do not list these experimental results
for the following reasons: degree discount heuristic, although almost matches the
influence spread in much faster time compared to the simple greedy algorithm,
is only limited to the IC model; BP is similar to the improvement of the greedy
algorithm discussed in [9], which costs as much time as the CELF optimization;
SPM can only apply to IC model, and moreover, it can get the similar result as
our GEE with full BFS in slower time due to the implementation of SPM.
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6 Conclusion

In this paper, we propose a new evaluation, the expectation, to estimate the influ-
ence function and its marginal gain for the influence maximization problem. We
give bounds to the expectation of δs(u), and further, theoretically interpret the
effectiveness of Shortest Path Model(SPM) [8]. Then we put forward an expec-
tation based algorithm called Greedy Estimate-Expectation(GEE). Using two
collaboration networks, we experimentally demonstrate that our GEE algorithm
impressively shortens the running time while maintaining the influence results
that obtained by the simple greedy algorithm with the CELF optimization.

Future research will try to use the expectation to estimate the influence func-
tion on other diffusion models. Another direction is to explore the internal struc-
tures of networks to improve the influence spread.

References

1. Domingos, P., Richardson, M.: Mining the network value of customers. In: KDD,
pp. 57–66 (2001)

2. Richardson, M., Domingos, P.: Mining knowledge-sharing sites for viral marketing.
In: KDD, pp. 61–70 (2002)

3. Goldenberg, J., Libai, B., Muller, E.: Talk of the networks: a complex systems look
at the underlying process of word-of-mouth. Marketing Letters 12 (2001)

4. Leskovec, J., Adamic, L.A., Huberman, B.A.: The dynamics of viral marketing.
TWEB 1(1) (2007)

5. Kempe, D., Kleinberg, J., Tardos, E.: Maximizing the spread of influence through
a social network. In: KDD, pp. 137–146 (2003)

6. Leskovec, J., Krause, A., Guestrin, C., Faloutsos, C., VanBriesen, J., Glance, N.S.:
Cost-effective outbreak detection in networks. In: KDD, pp. 420–429 (2007)

7. Kimura, M., Saito, K., Nakano, R.: Extracting influential nodes for information
diffusion on a social network. In: AAAI, pp. 1371–1376 (2007)

8. Kimura, M., Saito, K.: Tractable models for information diffusion in social net-
works. In: Fürnkranz, J., Scheffer, T., Spiliopoulou, M. (eds.) PKDD 2006. LNCS
(LNAI), vol. 4213, pp. 259–271. Springer, Heidelberg (2006)

9. Chen, W., Wang, Y., Yang, S.: Efficient influence maximization in social networks.
In: KDD, pp. 199–208 (2009)

10. Nemhauser, G., Wolsey, L., Fisher, M.: An analysis of the approximations for
maximizing submodular set functions. Mathematical Programming 14, 265–294
(1978)


	Estimate on Expectation for Influence Maximization in Social Networks
	Introduction
	Background
	Proposed Method
	Estimate on Expectation
	GEE Algorithm

	Experiments
	Discussion
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




