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Abstract—The explosive growth of online social networks in
recent years have generated massive amount of data-sets in
user behaviors, social graphs, and contents. Given the scale,
heterogeneity, and diversity of such big data, sampling becomes
a simple and intuitive approach to reduce the size of the
data-sets for collecting, measuring, and understanding users,
behaviors and traffic in online social networks. In this paper, we
quantify the impact of random sampling on the analysis of online
social networks with Twitter streaming data as a case study.
In addition, we design different sampling strategies including
community sampling and strata sampling, and evaluate their
impact on a broad range of behavioral characteristics of online
social networks. Our experimental results show that community
sampling has the minimum impact on tweet distributions across
users and the structure of retweeting graphs, while achieving the
similar data reductions as random and stratified sampling.

I. INTRODUCTION

The explosive growth of social media such as Twitter and
Sina Weibo have shifted the communication paradigms of to-
day’s society. The unprecedented data, which are continuously
generated from millions of active users, leads a number of
challenges in data acquisitions, analysis and visualizations.
Sampling is a widely used technique in big data analysis and
social science where collecting and making sense of data from
the entire population or data-sets is infeasible or too expensive.

Towards this end, we first characterize the impact of
sampling on Twitter streaming data with Ebola and flu as
case studies from a variety of perspectives including tweet
volumes, tweet distributions, and user influence. Specifically,
we compare the volumes of Ebola and flu tweets between
sampling data-sets and full data-sets, and discover that the
time granularity and topic popularity play significant roles on
the sampling impact. In addition, our analysis reveals that
the sampling process alters tweet distribution across users,
thus affecting the quality and efficiency of the algorithms that
rely on tweet distributions such as spammer detection. Finally,
we unveil the significant impact of random sampling on user
influence and the largest connected components of reweetting
graphs.

In light of the significant impact of sampling on tweeting
volume, tweet distributions, and user influence, we design
stratified sampling and community sampling in addition to
random sampling for evaluating the benefits and limitations
of different sampling strategies. Our stratified sampling pro-
cess first divides the user populations of Twitter based on

a demographic feature such as geographical locations and
languages, and then sample the tweets posted by the users of
each subpopulation independently to include the tweets from
all subpopulations in the final sampled data-sets. In contrast to
stratified sampling, community sampling selects a particular
set of communities from Twitter user population and only
samples tweets from these pre-determined set of communi-
ties. For these three sampling design strategies, i.e., random
sampling, stratified sampling and community sampling, our
sampling process calculates the sampling rate for ensuring the
sampled data-sets have the same numbers of tweets.

Our experimental results based on these sampling design
strategies with real Ebola and flu tweets show that community
sampling retains the tweet distributions across users in a
similar fashion as full data-sets, while the other two sampling
approaches are unable to capture the original tweet distri-
butions. In addition. community sampling preserves larger
connected components of retweet graphs than the others,
reflecting the common interest of the users of the same
community on the same hot topics or latest events. Based on
our analysis, we recommend to use community sampling to
preserve important characteristics of the original tweet data-
sets while significantly reducing massive amount of tweet data
for analysis.

The contributions of this paper are multi-fold as follows:
• We shed light on the impact of sampling on social media

analysis of tweet volume, tweet distributions, information
diffusion, and user influence.

• We develop big-data-aware sampling designs and strate-
gies for social media analysis to reduce the size of tweet
data for analysis and more importantly to retain the key
characteristics in the original tweet data-sets.

• We evaluate the performance and cost different sampling
designs with large scale social media data-sets and dis-
cover that community sampling has the minimum impact
on tweet distributions across users and the structure
of retweeting graphs, while achieving the similar data
reductions as random sampling and stratified sampling.

II. DATA COLLECTION

To characterize the impact of sampling on social media
analysis, we leverage the public data streams via Twitter
sample streaming API [1], which provides a random 1%
of all public tweets (also called statuses). In addition, the
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filter streaming API could return all public tweets which
match a small set of pre-defined keywords, user identifications
(userids), or geographical locations.

Given the large set of important topics and influential
users on Twitter social media, it is impractical to track all
these topics and users. Instead, we choose two keywords:
Flu and Ebola that are of interests to the general public
due to the repeated seasonal influenza (flu) epidemiology and
the Ebola virus epidemic in West Africa in 2014. Thus we
continuously harvest every tweet mentioning “flu” or “Ebola”,
which provides the full visibility on what Internet users talk
about flu and Ebola on Twitter. We refer to the tweet streams
collected via the filter streaming API as full flu tweets and full
Ebola tweets. Our data collection starts since October 1, 2014,
and currently continues to collects both data-sets.

To contrast the sampling and full tweet streams, we extract
all tweets containing any of two keywords “flu” and “ebola”
from the sample tweet streams, and refer to these two tweet
streams as “sample flu tweets” and “sample Ebola tweets”.
Clearly, the sample flu/Ebola tweets are a subset of full
flu/bola tweets. Figure 1[a][b] show the volumes of flu tweets
and Ebola tweets during the same week of 2014/10/02 -
2014/10/09, respectively. As shown in both figures, Twitter
users actively share news stories on flu and Ebola and discuss
the latest updates on the epidemics on the social media.
The in-depth investigation reveals that the significant spike
in Figure 1[b] are caused by massive retweets and comments
when Brazil announced the first suspected Ebola case on
October 10, 2014.
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Fig. 1. The data collection of flu and Ebola tweets via random sampling and
via following.

III. QUANTIFYING IMPACT OF TWEET SAMPLING

A. Sampling Impact on Tweeting Volumes

To study the impact of sampling on tweeting volumes,
we first compare the projected tweeting volume based on
the sampling principles with the observed tweeting volumes.
Figure 2[a] shows the projected tweeting volumes on flu
illustrated by the red line during October 2014, and the
sampled and full tweet volumes on flu illustrated by the
scatter plot, during the same time period. Based on the random
sampling principle, the projected tweeting volume on flu, n,
can be simply calculated as n = N ∗ p, the product of the

total number of full tweets on flu, N , and the sampling ratio,
p, which is set as 1% in Twitter sampling streaming APIs.

As shown in Figure 2[a], it is very interesting to see that
the actual observed tweeting volumes on flu for each hour
deviates significantly from the projected volumes. In other
words, the inference of full tweet volumes based on sampled
tweet streams could potentially lead to inaccurate estimations.
Figure 2[b] shows the inferred volumes on flu tweets and the
actual full tweets on flu, confirming this conjecture.
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Fig. 2. The impact of sampling on flu tweet volumes.

We run the similar analysis on Ebola tweets during the
same time period. As illustrated in Figure 3[b], the projected
sampling tweets and the observed sampling tweets on Ebola
are very similar, thanks to the large volumes of tweets on
Ebola during October 2014 when millions of people tweeted,
retweeted, and commented on the latest statues of Ebola
outbreaks on social media. As a result, the inferred and actual
Ebola full tweets are also very close, reflecting the insignificant
impact of random sampling on hot topics and latest events on
social media.
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Fig. 3. The impact of sampling on tweet volumes at different time granularity.

In summary, our experimental results show that the impact
of sampling on tweeting volumes is significant especially for
less popular topics. In addition, we find that the impact differs
for different time granularity. Specifically, the smaller time
granularity, the larger the impact.

B. Impact on Tweet Distributions Across Users

The process of random sampling on tweet streams not only
affects tweeting volumes, but also changes tweet distributions
across users. Figure 4[a] shows tweet distributions across users



who have tweeted flu during a 24-hour time window. Clearly,
the distributions for full data-set and sampled data-set are very
different, since the sampling process drops 99% tweets.

To quantify the difference of tweet distributions, we apply
entropy concepts from information theory [2] to measure the
distributions of tweeting activities on flu or Ebola across all
users, say Ut and |Ut| = m, who have tweeted a given topic
t during a given time window. Let xi denote the number of
tweets by a user ui ∈ Ut during the time period, and the total
number of flu tweets n then becomes n =

∑m
i=1 xi. Thus the

probability of tweets from a given user ui ∈ Ut can be derived
as p(i) = xi/n, xi ∈ Ut, i = 1, 2, · · · ,m, where m is the num-
ber of the unique users who have tweeted on a topic during the
time window. The entropy of quantifying tweet distributions
from the set of users is H(X) = −∑

xi∈Ut
p(xi) log p(xi),

while the standardized entropy is H ′(X) = H(X)
Hmax(X) = H(X)

log m ,
where Hmax(X) = logm is theoretically the maximum value
for H(X).

The values of entropy and standardized entropy measure the
randomness or uniqueness of tweet distributions across users
who have tweeted on the same topic. If every user tweets
once on a topic, e.g., flu, then the standardized entropy value
becomes 1. On the other hand, if all the tweets are posted
by the same user, the standardized entropy is calculated as 0.
Thus comparing the standardized entropy of tweet distributions
with sampling data-set and with the full data-set can effectively
reveal how the sampling process change the underlying tweet
distributions for users who have tweeted on hot topics such as
flu or Ebola.

Figure 4[b] shows a scatter plot of standardized entropies
for users with full data-sets as well as sampled data-sets.
Apparently, the user entropies in the sampling data-sets tend
to be higher than those of full tweet collection via following.
Upon close examinations, we find that the sampling process
does not include many tweets for users who have tweeted
multiple tweets, which shifts uneven tweet distributions in the
original full data-set towards a more random fashion, leading
to higher entropies.
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Fig. 4. Tweet distributions of users tweeting flu in one day.

Figure 5 shows similar observations on tweet distributions
for users who tweeted Ebola during the same time window.
Our observations of sampling impact on tweet distributions
have very important implications. For example, spammer
detection algorithms, which rely on correlating multiple tweets

from the same spammers, might not have sufficient data points
for analysis, thus are unable to effectively detect spammers in
social media.
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Fig. 5. Tweet distributions of users tweeting Ebola in one day.

C. Impact on User Influence

Next we characterize the impact of random sampling on
information diffusion, user influence, and retweet graphs.
Figure 6[a] illustrates the time-series of retweeting activities
for one Ebola tweet over time for full retweeting data-set
and for random sampling data-set, respectively. As shown in
Figure 6[a], the time-series pattern of retweeting activity after
random sampling does not fully capture the original pattern of
the full data-sets for the same tweet. Similar observations hold
for the retweeting behaviors of other tweets as well. On the
other hand, the cumulative statistics on the retweeting activities
for random sampling data-sets is very similar to that of full
data-set, as reflected in Figure 6[b]. In addition,
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Fig. 6. The impact of sampling on information diffusion.

We characterize the impact of sampling on user influence by
analyzing the retweeting graphs, which are built via extracting
the user information from the retweets of a given tweet. For
example, if a user A retweets a given retweet from the user
B, we consider a directed edge A → B between two vertices
A and B in the directed retweet graph. As B’s tweet is being
retweeted, we consider B as one of the influencers. It is
important to note that a retweet user might not be an influencer
if no users have retweeted any of his or her retweets.

Table I lists the impact of sampling on retweet statistics
such as retweet users, influencers, user influence quantified
by the number of retweeting messages, and largest connected
component (cc) of retweet graphs for 5 selected flu and Ebola
tweets. The retweet user of sampling data-set is approximately



1% of the full data-set, while the influencer of sampling data
is much larger than 1%.

The sampling impact on user influence and largest con-
nected component of retweet graphs is significant. Across
all 5 tweets, the average influences in the sampled data-set
is much smaller than that of full retweeting data-set. More
importantly, the retweet graphs in the sampled data-set are
disconnected due to the process of random sampling which
do not include all the edges of retweeting relationships, thus
leading to many subgraphs in the retweet graphs. The largest
connected component for retweet graphs of these 5 tweets
derived from sampling data-sets only account for 15% - 52%
of all nodes in that graphs, while the retweets graphs built
from the full data- set are connected, thus the largest connected
components are the retweet graphs themselves.

IV. SAMPLING DESIGNS

A. Random Sampling

Random sampling is a widely used straightforward sampling
technique. Assuming a random sampling rate of p, any tweet
from Twitter data streams has an equal probability p of being
selected into the samples. In the case of Twitter streaming
API, p is set as 0.01 by Twitter API service.

To verify the sampling rate of Twitter streaming API, we
perform a simple random sampling with the same sampling
rate on the full tweet streams we have collected on flu and
Ebola. Our experimental results show that the characteristics
such as tweet volumes, user distributions, and temporal pat-
terns from both our sampling process and Twitter streaming
API are very similar. The only difference lies in that our offline
sampling process has the ability of choosing any sampling rate
for studying the benefits and tradeoff of the random sampling
rate.

B. Stratified Sampling

Online social networks typically have a very diverse set of
users with different demographics, e.g., ages, genders, educa-
tions, incomes, geographical locations. A potential limitation
of simple random sampling is that certain demographics, e.g.,
geographical locations with a relatively small number of users
might not be observed in the data samples due to a low volume
of tweets in the data streams.

Towards this end we consider to use stratified sampling
technique [3] as one alternative sampling strategy to sample
Twitter data streams. Specifically, we divide Twitter users
based one demographic attribute, i.e., geographical location,
into different stratum. For each stratum, we employ the same
sampling rate for randomly choosing tweets. However, unlike
from simple random sampling, our stratified sampling process
considers the size of each stratum during the selection process
in order to ensure the inclusion of data samples from small
stratums as well.

Given the size of twitter data streams N , assuming a
sampling rate p, a sampling process will lead to the sampled
data set n = N ∗ p. Let S denote the set of stratums of all
Twitter data streams with each stratum clusters tweets posted

by users with the same demographic attribute. For a stratum
with m tweets such that m < 1

p , it is likely that none of
tweets in this small stratum is selected with the probability
of p. To ensure the complete coverage of all stratum, our
stratified sampling process will randomly select q tweets from
such stratums, denoted as S1. Let si, where i = 1, 2, ..., |S1|
denote the size of each stratum in S1.

Let S2 denote the set of stratums, each of which has at least
m′ tweets such that m′ ≥ 1

p tweets. Thus, the total number
of tweets from S1 stratums is q ∗ |S1|. Note that if we use the
same probability p to select tweets from S2, the final sampled
tweets will be large than n due to the stratified sampling on
S1. Thus, we reduce the sampling rate on S2 to p′ such that
(N − ∑|S1|

i=1 si) ∗ p′ = n − q ∗ |S1|. In other words, the total
number of sampled tweet streams remains the same n, which
is the same as simple random sampling process.

C. Community Sampling

As illustrated in the previous section, the impact of sampling
on the retweet graphs shows that many retweet activities,
represented as edges in the retweet graphs are not captured due
to the random sampling process. In this paper, we propose to
explore community sampling, a non-probabilistic sampling ap-
proach, to preserve retweeting activities and user interactions
during the sampling process.

The essential idea of community sampling is to focus on
the entire social communities from Twitter users, e.g., users
from a certain city during the sampling process. In particularly,
community sampling selects tweet streams posted by all users
in one or a few communities with a much higher probability,
e..g, p >> 0.01.

Let C denote the set of all communities of Twitter users,
which are sortied in a non-increasing order based on the
number of tweets posted by the users in the same community.
The community sampling process first searches communities
with at least n tweets where n = N ∗1%, and then locates the
smallest community, i.e., Cj . Lastly, we sample tweets from
Cj with a probability of p such that |Cj | ∗ p = n.

If none of the communities has a size over n, we locate
the first set of k communities C1, C2, ..., Ck such that∑k−1

i=1 |Ci| < n and
∑k

i=1 |Ci| ≥ n. Similarly, we sample
the tweets from these k communities with a probability of p
such that

∑k
i=1 |Ci| ∗ p = n.

In the next section, we will evaluate the impact of different
sampling strategies on understanding the characteristics of
Twitter data streams.

V. EXPERIMENTS AND EVALUATIONS OF SAMPLING

DESIGNS VIA FLU AND EBOLA TWEET STREAMS

A. Impact Difference on Tweet Distributions

To study the impact of sampling on tweet distribution
across users, we focus on all tweets containing the keyword
“Ebola” during the entire month of October 2014. As our data
collection facility collects all tweets containing Ebola via the
following streaming APIs, this full data-set of Ebola tweets



TABLE I
THE IMPACT OF SAMPLING ON RETWEET STATISTICS.

tweet ID retweet users influencers average influence largest cc of retweet graph
full sample ratio full sample ratio full sample ratio full sample

1 49340 557 1.2% 2157 50 2.3% 22.10 10.16 45% 100% 15.79%
2 46626 514 1.1% 851 43 5.0% 54.27 10.98 20% 100% 25.29%
3 24265 220 0.9% 782 19 2.4% 30.28 10.58 34% 100% 22.72%
4 14739 186 1.2% 664 27 4.0% 21.37 5.93 27% 100% 50.53%
5 13776 130 0.9% 555 15 2.7% 24.04 7.67 31% 100% 35.38%

serves as the ground truth and the benchmark of the tweet
distribution across users.

For ensuring the fairness, the number of tweets for all
sampling strategies is set to the same. Specially, we first set
1% as the sampling rate for random sampling and stratified
sampling, and obtain the set of randomly selected tweets
during October 2014. Subsequently, we search for one or a
few communities which tweeted or retweeted on Ebola for
approximately the same number during October 2014.

Figure 7 illustrates the tweet distributions of users with ran-
dom sampling, stratified sampling, and community sampling
as well as the full data set. It is very interesting to observe that
community sampling achieves the closest tweet distribution
across users among all three sampling strategies, while random
sampling and stratified sampling have similar distributions
which significantly deviate from the original distributions in
the full data-set.
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Fig. 7. The tweet distributions of users with different sampling designs.

B. Impact Difference on User Influence

In addition to characterizing impact difference on tweet
distributions across users, we also analyze impact difference
of sampling design strategies on user influence. Through
analyzing five popular tweets on flu or Ebola topics, Table II
summarizes the statistics of their retweet users, influencers,
average influence and largest connected components of retweet
graphs after sampling with three different strategies: commu-
nity sampling, stratified sampling, and random sampling. As
shown in Table II, all three sampling designs lead to similar
numbers of retweet users, influencers, and average influence.

However, community sampling achieves the largest con-
nected component of retweet graphs after sampling for all
five cases. Our in-depth analysis shows that the underlying
reason lies in the nature of community sampling process,

which includes the tweets and retweets of the entire commu-
nities thus preserving the relationships of community social
graphs and retweeting activities. On the other hand, stratified
sampling and random sampling have dropped many retweeting
and following relationships during the sampling process thus
breaking retweet graphs into smaller connected components.

In summary, our experimental results with real flu and
Ebola tweets show that community sampling retains the tweet
distribution across users in a similar fashion as full data-set,
while random sampling and stratified sampling are unable
to retain the original tweet distributions in the full data set.
In addition, community sampling successfully preserves the
largest connected components in the retweet graphs formed
by users who retweet the same tweet, reflecting their common
interests on a certain topic or event. Therefore, we believe that
community sampling is an excellent candidate for reducing
massive amount of social media data while preserving impor-
tant characteristics in the original and full data-set.

VI. RELATED WORK

The rapid growth of online social networks such as Face-
book, Twitter and Sina Weibo has received significant atten-
tions from the research community. A rich body of literature
studies have focuses on user behaviors [4], social graphs [5],
information diffusions [6], trending topics [7], community
detections [8], security and privacy in social networks [9]. The
sheer volume of users and contents in online social networks,
a variety of analytical metrics such as user relationships,
interactions, influence, and topics, the streaming nature and
high velocity of user-generated posts, contents and tweets have
produced big data in online social networks [10].

Given the challenges of analyzing big social media data,
sampling becomes a natural and intuitive approach to reduce
the size for data collection, processing and analysis in online
social networks. A number of studies focus on sampling
social network graphs which often contain millions or event
billions of nodes and edges [11], [12], [13]. For example, [11]
explores Metropolis-Hasting random walk (MHRW) and a re-
weighted random walk (RWRW) to collect an unbiased sample
of Facebook users through crawling its social graph, while [12]
presents a heuristic for sampling large, static, undirected and
crawling-based graphs via a stratified weighted random walk
which considers both the graph structure and node properties.
In addition, [13] introduces a variety of sampling-based algo-
rithms to quickly approximate the neighborhood of a given
user in a social network via a random set of sampled nodes
in the neighborhood.



TABLE II
THE IMPACT OF DIFFERENT SAMPLING STRATEGIES ON USER INFLUENCES OVER ONLINE SOCIAL NETWORKS.

tweet ID retweet users influencers average influence largest cc of retweet graph
community stratified random community stratified random community stratified random community stratified random

1 462 526 557 48 44 50 8.85 10.98 10.16 26.66% 18.25% 15.79%
2 482 519 514 48 49 43 9.08 9.59 10.98 38.82% 27.36% 25.29%
3 241 261 220 26 22 19 8.50 10.86 10.58 36.73% 26.81% 22.72%
4 147 165 186 18 22 27 7.33 6.50 5.93 51.61% 46.66% 50.53%
5 241 152 130 26 18 15 8.50 7.44 7.67 50.00% 33.55% 35.38%

In parallel to our research, a few studies have also in-
vestigated the impact of sampling on analyzing and charac-
terizing online social networks [14], [15], [16]. For exam-
ple, [15] studies how much sampling affects hashtags and
topic analysis, network graph analysis and geolocations of
tweets via comparing Twitter sampling stream and Twitter
Firehose which includes every published tweet, while [16]
empirically characterizes the impact of attribute and topology
based sampling approaches on the discovery of information
diffusion over Twitter data streams. In [14], Ghosh et al. reveal
major differences on topic diversity, information timeliness,
and content quality from two tweets streams, which are
collected from random sampling and a group of expert users,
respectively.

VII. CONCLUSIONS AND FUTURE WORK

The explosive growth of online social networks such as
Twitter and Sina Weibo has produced massive amount of
data in social graphs, user-generated contents and network
traffic. The big data in online social networks has driven
many researchers to explore sampling strategies to make sense
of online social networks. However, little is known about
the impact of sampling on the results and conclusions of
online social networks analysis. In this study, we collect
sampled data-set and full data-set of two important topics,
i.e., flu and Ebola, from Twitter data streams, and quantify
the impact of random sampling on tweet volume estimations,
tweet distributions across users, and user interactions, and user
influence. In addition, we design community sampling and
stratified sampling for understanding the tradeoff and benefits
of different sampling strategies on analyzing social networks
data. Our experimental results demonstrate that community
sampling, while achieving similar data reductions as random
sampling and stratified sampling, delivers the best performance
in terms of preserving tweet distributions across users, estimat-
ing user influence measured by retweeting and commenting
activities, and characterizing retweet graphs among users. Our
future work lies in developing adaptive and synthetic sampling
approaches to reduce the size of social network data while
minimizing the impact of sampling on the accuracy of social
network characterizations.

ACKNOWLEDGMENT

This work was supported in part by National Science
Foundation grant CNS #1218212 and by RGC of Hong Kong
Project No. CityU 114713.

REFERENCES

[1] Twitter, “The Streaming APIs,” https://dev.twitter.com/streaming/public.
[2] T. Cover and J. Thomas, Elements of Information Theory. Wiley Series

in Telecommunications, 1991.
[3] G. Henry, Practical Sampling, Applied Social Research Methods Series.

SAGE Publications, 1990.
[4] F. Benevenuto, T. Rodrigues, M. Cha, and V. Almeida, “Characterizing

User Behavior in Online Social Networks,” in Proceedings of ACM
SIGCOMM International Measurement Conference, November 2009.

[5] A. Mislove, M. Marcon, K. Gummadi, P. Druschel, and B. Bhattacharjee,
“Measurement and analysis of online social networks,” in Proceedings
of ACM SIGCOMM conference on Internet measurement, October 2007.

[6] F. Wang, H. Wang, K. Xu, J. Wu, and X. Jia, “Characterizing Information
Diffusion in Online Social Networks with Linear Diffusive Model,” in
Proceedings of IEEE International Conference on Distributed Comput-
ing Systems (ICDCS), Philadelphia, PA, July 2013.

[7] S. Asur, B. Huberman, G. Szabo, and C. Wang, “Trends in Social Media:
Persistence and Decay,” in Proceedings of International Conference on
Weblogs and Social Media (ICWSM), July 2011.

[8] S. Papadopoulos, Y. Kompatsiaris, A. Vakali, and P. Spyridonos, “Com-
munity detection in Social Media,” Data Mining and Knowledge Dis-
covery, vol. 24, no. 3, pp. 515–554, May 2012.

[9] C. Zhang, J. Sun, X. Zhu, and Y. Fang, “Privacy and security for online
social networks: challenges and opportunities,” IEEE Network, vol. 24,
no. 4, pp. 13 – 18, July 2010.

[10] H. Kwak, C. Lee, H. Park, and S. Moon, “What is twitter, a social
network or a news media?” in Proceedings of International Conference
on World Wide Web (WWW), April 2010.

[11] M. Gjoka, M. Kurant, C. Butts, and A. Markopoulou, “Walking in Face-
book: A Case Study of Unbiased Sampling of OSNs,” in Proceedings
of IEEE INFOCOM, March 2010.

[12] M. Kurant, M. Gjoka, C. Butts, and A. Markopoulou, “Walking on
a Graph with a Magnifying Glass: Stratified Sampling via Weighted
Random Walks,” in Proceedings of ACM SIGMETRICS, June 2011.

[13] M. Papagelis, G. Das, and N. Koudas, “Sampling Online Social
Networks,” IEEE Transactions on Knowledge and Data Engineering,
vol. 25, pp. 662–676, March 2013.

[14] S. Ghosh, M. B. Zafar, P. Bhattacharya, N. Sharma, N. Ganguly,
and K. P. Gummadi, “On Sampling the Wisdom of Crowds: Random
vs. Expert Sampling of the Twitter Stream,” in Proceedings of ACM
International Conference on Information and Knowledge Management
(CIKM), October 2013.

[15] F. Morstatter, J Pfeffer, H. Liu, and K. Carley, “Is the Sample Good
Enough? Comparing Data from Twitters Streaming API with Twitters
Firehose,” in Proceedings of International Conference on Weblogs and
Social Media (ICWSM), July 2013.

[16] M. Choudhury, Y. Lin, H. Sundaram, K. Candan, L. Xie, and A.
Kelliher, “How Does the Data Sampling Strategy Impact the Discovery
of Information Diffusion in Social Media?” in Proceedings of Fourth
International AAAI Conference on Weblogs and Social Media (ICWSM),
May 2010.



<<
  /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 /Error
  /CompatibilityLevel 1.7
  /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 true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomDGR-Bold
    /NimbusRomDGR-BoldItal
    /NimbusRomDGR-Regu
    /NimbusRomDGR-ReguItal
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. 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 on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /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 /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


