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Abstract. Social networking has provided powerful new ways to find people, 
organize groups, and share information. Recently, the potential functionalities 
of the ubiquitous infrastructure let users form a mobile social network (MSN) 
which is discriminative against the previous social networks based on the 
Internet. Since a mobile phone is used in a much wider range of situations and 
is carried by the user at all times, it easily collects personal information and can 
be customized to fit the user’s preference. In this paper, we presented MSN 
mining model which estimates the social contexts like closeness and 
relationship from uncertain phone logs using a Bayesian network. The mining 
results were then used for recommending callees or representing the state of 
social relationships. We have implemented the phonebook application that 
displays the contexts as network or graph style, and have performed a 
subjectivity test. As a result, we have confirmed that the visualizing of the MSN 
is useful as an interface for social networking services. 
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1   Introduction 

A social network is a group of people connected by common features such as inter-
ests, ideas, and friendships. Social networking has grown dramatically more popular 
since the Internet emerged which provides an easy means for interacting with some-
one else through web, e-mail, and instant messaging services [1]. MySpace 
(myspace.com) and Facebook (facebook.com), for example, are the most well-known 
web based social networks, and are now successfully evolved into the ubiquitous 
environment with innovations in mobile technologies. Therefore, users now can send 
emails to friends and access the community information through their mobile devices 
just the same as before via the Internet [2, 3]. 

The current mobile social network (MSN) services, however, still have limitations 
since they keep their concepts of original web-services rather than utilize the ubiqui-
tous features. A mobile device can collect everyday information effectively because it 
is used in a much wider range of situations and is carried by a user at all times. Espe-
cially, a mobile phone is promising to support the social networking because it can 
easily model the user’s social connections based on the relationship between a caller 
and a callee. Eagle and Pentland, in the Reality Mining project at the MIT Media Lab, 
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observed the interactions among 100 users with Bluetooth-enabled mobile phones, 
and recognized the friendship by using Gaussian mixture model [4]. 

In this paper, we propose a social contexts mining model that automatically gener-
ates MSN. Using Bayesian networks (BNs), the proposed method infers meaningful 
information like closeness and personal relationships from uncertain mobile logs, and 
then it visualizes the context in order to provide useful information for social net-
working such as personal relationship management. Here, user’s call patterns includ-
ing time, frequency, and place are exploited as the mobile logs. For the experimental 
test, we implemented a mobile phonebook interface using the proposed method. 

2   Background 

With advances in sensor technologies, context-based applications on a mobile phone 
are becoming available which give users more convenience by reducing the amount 
of human attention needed to provide the service. Cao et al. introduced a mobile tour-
ist guide which considers spatiotemporal information of the device and community 
contexts together [5]. They specified a community by the members’ profiles such as 
contact information and traveling history, and used rule-based context reasoning en-
gine. Lee et al. developed an emoticon transformation service on mobile devices 
which infers the user’s emotion and transfers the corresponding emoticon to other 
users in the network [6]. They estimated the emotion using the predefined rules with 
bio-signals like heartbeat, galvanic skin response, and skin temperature. 

Context awareness, however, is difficult to achieve because of the environmental 
uncertainties like user’s behavioral irregularity and sensors’ inaccuracy [7]. Since a 
BN is one of efficient tools to handle the uncertainties, it has been widely used for 
context modeling. Park et al. trained user’s preference with BNs by using context 
information like location, time, weather, and user request collected from the mobile 
device in order to provide a map-based recommendation system [8]. Cho et al. used 
BNs designed by experts to find memorable events and summarize in a cartoon-style 
diary from a user's daily life logs [9]. In this paper, we exploit BNs to infer social 
contexts from the mobile logs. 

3   Mining and Visualizing Mobile Social Network 

Mobile social contexts, such as interact with whom in a specific place or at a certain 
time of a day, are very useful information in terms of social networking services. It 
can be a criterion for grouping people or improves the performance of mobile systems 
[4, 10]. The proposed method models and visualizes the MSN according to the social 
contexts which helps a user to manage his/her personal relationships. Fig. 1 shows an 
overview of the proposed system. We implemented each module runs on the platform 
of MS Windows Mobile 2003 SE Pocket PC with a small global positioning system 
(GPS) receiver that transfers data with Bluetooth to the phone (It is described more 
specifically at experimental results section). 
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Fig. 1. An overview of the proposed system. It provides a user the information of social rela-
tionships as graphs or a network. These kinds of visualized features can be used as an interface 
of other mobile social networking applications. 

3.1   Log Collection and Preprocessing 

A mobile phone enables various types of communication like a voice conversation 
(call) and a short message service (SMS). It also can perceive people’s encounter with 
each other using Bluetooth signal. Moreover, it continuously records the user’s loca-
tion (GPS) and other personal or social context. These spatiotemporal patterns of 
interactions can be adopted for mining the social connections like relationships or 
closeness. Table 1 lists the mobile phone logs related to the social interactions. 

After collecting logs, our system preprocesses them to be informative and usable 
for BNs. Some values are discretized by using simple rules based on statistical analy-
sis (For example, the state of “the number of recent calls” is defined as “many” if 
there are more than five calls in “the recent time period,” otherwise “few”). The coor-
dinates gathered by using GPS are converted to the semantic labels. Here, we have 
only considered three semantic locations of home, workplace, and others. 

Table 1. Mobile phone logs used for mining the social contexts. Among the four types of inter-
actions, in this paper, only call log was used. 

Type Information 
Address book Name, phone number, e-mail address, home address, 

workplace address, … 
Interaction logs Call, short message, nearby person by Bluetooth, data 

transfer 
Device logs Spatial information (latitude, longitude, speed) by GPS, 

temporal information (duration, time, day of week) 

3.2   Social Context Mining 

Bayesian probabilistic inference is the efficient model to handle the uncertain infor-
mation, and also easily utilizes an expert’s pre-knowledge for its structure or parame-
ters [11]. In this regard, we have employed BNs for mining the social context. 
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Let G(Bs, θ) be the BN model where Bs and θ denote the network structure and the 
set of network parameters, respectively. θ is composed of the conditional probability 
table BΦ and the prior probability distribution Bp. For the prior probability P(θ), the 
knowledge discovery process is as follows: 

)|(),|(),,( pTΦTTTT BZPBZYPYZP =θ  (1) 

where ZT={z1, z2, …, zT} represents a set of T states variables, and YT is the corre-
sponding observations. In this paper, we have specified Bs and �  manually based on 
the domain knowledge. 

The proposed method considers three social contexts such as closeness, related-
activity and relationship. Each context is described more specifically in Table 2. 

Table 2. Four social contexts used in this paper 

Social context BN node state Meaning 
Closeness {close, distant} Whether the user has contact with 

him/her closely or not 
Related activity {move, work, study, rest, play,

 eat} 
Which activity the user has been normally 
performing with him/her 

Relationship {family, lover, friend, 
 colleague, acquaintance, etc} 

Type of relationship 

 
BN designed for this problem includes 19 variables and 24 dependencies as shown in 

Fig. 2. The design methodologies of the BN in terms of the target contexts are as follows: 

Degree of closeness. People who contact frequently with each other or spend long 
time together are regarded as close. They often tend to meet/call at personal time like 
evening, weekends, and holiday. The activity on phone call is related with the close-
ness either. It is because he/she would not want to be interrupted by unfamiliar person 
during resting or playing. 

Relationship. Personal information which can be gained from the mobile address 
book is useful to extract the relationship. For example, persons with same last name 
or home address probably are family. Here, we simply matched the personal informa-
tion (within the Address book) between a user and the other for calculating their simi-
larity. Since people commonly meet their colleagues at workplace and friends at the 
outside, the contact place also used for inferring the relationship. 

Activity during contact. It is tightly correlated with closeness and relationships. For 
instance, people have more chances to interact with colleagues than friends or fami-
lies when they are working. On the other hand, they will contact with friends for play-
ing. The activity inference part was designed by using spatio-temporal information 
with general knowledge such as “People work at workplace during daytime” or “They 
eat at lunch or dinner time”. 

High level contexts explained so far should be estimated for all the persons who 
are contained in the address book and updated whenever the user makes a contact 
with him/her. 
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Fig. 2. The Bayesian network designed for mining social contexts. In order to use continuous 
variables as evidences (gray nodes), we have made virtual nodes and dynamically changed their 
conditional probabilities. 

Since conditional probabilities of a BN are based on discrete variables, continuous 
values need to be discretized. In principle, it will result in some loss of information. 
For example, the ‘Call recently’ node in Fig. 2, which represents “How much time has 
passed since the last contact,” has to be defined as finite states like {within three days, 
from three to five, from six to eight, more than nine days}. In order to address this 
problem, the proposed method changes the probability table dynamically so that can 
express the continuous variables such as likelihood ratio that represent the observer's 
strength of confidence toward the observed event or statistical observations. For the 
previous example, the propose method only takes two states of ‘Recent’ and ‘Long 
ago,’ and substitutes their probabilities for each observation by fuzzy membership 
values instead of selecting the evidence by a specific state (see upper image of Fig. 3). 
It is possible because the node is a root that has no prior conditions. If the node is, 
however, not a root such as the ‘Call time’ in Fig. 2, then the evidence should be 
specified to a state for updating the belief with the observations. In this case, our 
model attaches a virtual node [12], which has binary states of Yes/No with all vari-
ables of its parent’s states, to the target node. The conditional probabilities of Yes 
state are then set based on the statistics of observations. The lower image of Fig. 3 
shows an example where a user has called someone eight per 10 at night and one per 
10 at morning. 

3.3   Social Context Visualization 

In order to help the user to understand his/her condition of social relationships, the pro-
posed method represents social structures by a network in terms of nodes (individuals) 
and ties (relationships), and visualizes social contexts as graphs or descriptive texts. 
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Fig. 3. Examples of specifying evidence with continuous variables like fuzzy membership 
variables or statistics of observations (both row and column sums to be one) 

 

Fig. 4. Phonebook interface based on the proposed method which visualizes the (a) social 
structure, (b) contact pattern in terms of context category, (c) description of relationship, and 
(d) correlation among contexts 

For the network, as shown in Fig. 4(a), three contexts such as recently contact, close-
ness, and relationship are expressed as edge length, edge color (with gray level), and 
node color, respectively. People intimate with a user are marked as dark gray line, while 
estranged people are represented as lighter gray line, and more distant persons are not 
presented on the network. The edge becomes longer as time passed since the user con-
tacted with the corresponding person lastly. Here, the user can set the ‘circle of relation-
ship’ which means the boundary of friendship (see the dotted line in Fig. 4(a)). The 
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proposed method then recommends an estranged friendly person (a node on outside of 
boundary with a dark gray edge) to the user for making contact with. After the user 
called him/her, the corresponding edge is shrunk into the boundary. 

In addition to the network, the proposed method visualizes the user’s contact ten-
dency in terms of various contexts such as day, time, and location (Fig. 4(b)), de-
scribes the relational information of the user and others on the phonebook (Fig. 4(c)), 
and shows the correlations of two different contexts which can be used to the callee 
recommendation (For example, if current time is Sunday su afternoon a, then the 
system recommends 010-2220-0984 whom the user have made phone call with at 
Sunday afternoon as shown in Fig. 4(d)). 

4   Experimental Results 

Experiments on real user data have been performed to validate the proposed method. 
We have implemented the agents on the platform of MS Windows Mobile 2003 SE 
Pocket PC and collected the logs of ten university student over about a month using 
the Samsung SPH-M4650 smart phone device with a small GPS receiver that trans-
fers data with Bluetooth to the phone as shown in Fig. 5. 

 

Fig. 5. Mobile devices and the proposed system implemented on mobile phone 

We have analyzed the social contexts extracted by the proposed method. Figure 6 
shows examples of the BN for a user’s two callees. The upper person had been per-
sonally and closely connected with the user, and their personal information was simi-
lar for each other. Therefore, their relationship was inferred as family. In case of the 
lower person, their relationship was friend since they had called for each other fre-
quently and personally while they neither contacted recently nor closely. 

We have compared the extracted relationships with the actual labels tagged by us-
ers, and achieved about 60~70% accuracies. There were several reasons for the low 
performance. Firstly, the lack of personal information in the address book caused the 
confusion between friend and lover. The occupation of subject also made the problem 
difficult. Since they were all students, coworker is quite ambiguous type of relation-
ship. Finally and mostly, our four weeks logs were insufficient to model the user’s 
relationship exactly. Friends whom the users never called were regarded as acquaint-
ances after all. Yet, the inferred contexts including the relationship can be useful in-
formation for characterizing groups on social network. 
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Fig. 6. Examples of the BN inference results for a user’s family (upper) and a friend (lower) 

In order to validate the usefulness of the proposed method, we performed a subjec-
tivity test about the implemented application for ten users based on the System  
Usability Scale (SUS) questionnaires. The SUS is a simple, ten-item scale giving a 
global view of subjective assessments of usability where its score has a range of zero  
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Table 3. Modified questionnaires of the System Usability Scale 

 
 

Strongly 
disagree 

 
Strongly 
agree 

  1. I think I would like to use this application frequently 1 2 3 4 5 
  2. I found the application unnecessarily complex 1 2 3 4 5 
  3. I thought the application was easy to use 1 2 3 4 5 
  4. I think that I would need the support of a technical per-

son to be able to use this application 
1 2 3 4 5 

  5. I found the various functions in this application were 
well integrated 

1 2 3 4 5 

  6. I thought there was too much inconsistency in this appli-
cation 

1 2 3 4 5 

  7. I would imagine that most people would learn to use this 
application very quickly 

1 2 3 4 5 

  8. I found the application very cumbersome to use 1 2 3 4 5 
  9. I felt very confident using the application 1 2 3 4 5 
10. I needed to learn a lot of things before I could get going 

with this application 
1 2 3 4 5 

 

 

Fig. 7. SUS scores for the proposed system 

to 100 [13]. In this paper, we modified the questionnaires by replacing the word sys-
tem with application as shown in Table 3. As shown in Fig. 7, the SUS test results 
indicated that the visualization provides effective ways to manage the MSN services. 

5   Conclusions 

This paper presents the social contexts’ mining and visualizing method. It infers the 
user’s contexts from uncertain mobile logs using Bayesian networks and provides 
useful information for MSN services such as relationship management by recom-
mending estranged friends. It also visualizes user’s social contexts or contact patterns 
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using various types of graphs or descriptive text. There are, however, still many issues 
to be solved such as mining more kinds of social context or testing on the realistic 
environment where many users interact with each other. As a future work, we will 
exploit various types of interactions among multiple users including physical meeting 
(acquired from Bluetooth) in order to make more realistic and accurate model. We 
will also perform the accuracy test of the extracted contexts such as relationship and 
activity. 
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References 

1. Staab, S., et al.: Social Networks Applied. IEEE Intelligent Systems 20(1), 80–93 (2005) 
2. Chen, Y., Xie, X., Ma, W.-Y., Zhang, H.-J.: Adapting Web Pages for Small-Screen De-

vices. IEEE Internet Computing 9(1), 50–56 (2005) 
3. Bottazzi, D., Montanari, R., Toninelli, A.: Context-Aware Middleware for Anytime, Any-

where Social Networks. IEEE Intelligent Systems 22(5), 23–32 (2007) 
4. Eagle, N., Pentland, A.: Reality Mining: Sensing Complex Social Systems. Personal and 

Ubiquitous Computing 10(4), 255–268 (2006) 
5. Cao, Y., Klamma, R., Hou, M., Jarke, M.: Follow Me, Follow You-Spatiotemporal Com-

munity Context Modeling and Adaptation for Mobile Information Systems. In: IEEE In-
ternational Conference on Mobile Data Management, pp. 108–115 (2008) 

6. Lee, H., Park, J., Ko, E., Lee, J.: An Agent-Based Context-Aware System on Handheld 
Computers. In: IEEE International Conference on Consumer Electronics, pp. 229–230 
(2006) 

7. Hwang, K.-S., Cho, S.-B.: Modular Bayesian Network for Uncertainty Handling on Mo-
bile Device. In: International Conference on Information Processing and Management of 
Uncertainty in Knowledge-Based Systems, pp. 402–408 (2008) 

8. Park, M.-H., Hong, J.-H., Cho, S.-B.: Location-Based Recommendation System Using 
Bayesian User’s Preference Model in Mobile Devices. In: Indulska, J., Ma, J., Yang, L.T., 
Ungerer, T., Cao, J. (eds.) UIC 2007. LNCS, vol. 4611, pp. 1130–1139. Springer, Heidel-
berg (2007) 

9. Cho, S.-B., Kim, K.-J., Hwang, K.-S., Song, I.-J.: AniDiary: Daily Cartoon-Style Diary 
Exploits Bayesian Networks. IEEE Pervasive Computing 6(3), 66–75 (2007) 

10. Miklas, A.G., Gollu, K.K., Chan, K.K.W., Saroiu, S., Gummadi, K.P., de Lara, E.: Ex-
ploiting Social Interactions in Mobile Systems. In: Krumm, J., Abowd, G.D., Seneviratne, 
A., Strang, T. (eds.) UbiComp 2007. LNCS, vol. 4717, pp. 409–428. Springer, Heidelberg 
(2007) 

11. Jensen, F.V.: Introduction to Bayesian Networks. Springer, New York (1996) 
12. Pearl, J.: Probabilistic Reasoning in Intelligent Systems: Networks of Plausible Inference. 

Morgan Kaufman, San Mateo (1988) 
13. Brooke, J.: SUS: A Quick and Dirty Usability Scale. In: Jordan, P.W., et al. (eds.) Usabil-

ity Evaluation in Industry, Taylor and Francis, London (1996) 


	Mining and Visualizing Mobile Social Network Based on Bayesian Probabilistic Model
	Introduction
	Background
	Mining and Visualizing Mobile Social Network
	Log Collection and Preprocessing
	Social Context Mining
	Social Context Visualization

	Experimental Results
	Conclusions
	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
  /CreateJDFFile false
  /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 150
  /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 0.76
    /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 150
  /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 0.76
    /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 600
  /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

  /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 <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




