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Abstract 
The educational system involves a complex set of actors, including learners, 
parents, teachers, and administrators.  However, we now have more data than ever 
to analyze this system, which could result in a quick understanding and evaluation 
of public policies in this complex policy area. This paper explores a new area of 
data about the educational experience, namely social media data.  This paper 
outlines an exploratory analysis of the Twitter discussions regarding higher 
education in the USA.  Based on a collection of more than 1.5 million tweets over 
a period of 4 months, we identify a few key issues in the current higher education 
discourse on social media. We also identify the effect of the expressed feelings of 
the social media users when it comes to college applications, decisions and 
completion. We conclude that policies in higher education can be better tailored 
if they are informed by social media discussions. 

Introduction 

THE INCREASING AMOUNT OF DATA, the decreasing cost of computational 
power, and the improving state of analytics has revolutionized fields from 
stock trading to social analytics, but somehow higher education has not 
received as much attention. The technology that has transformed many for-
profit businesses and governments can be applied at various colleges and 
universities.  

One obvious place that analytics could be useful is in the classroom, 
but currently instructors at many universities are using outdated and 
inefficient methods to grade assignments and compile these scores into self-
generated databases. In fact, Darrell West argues that “many of the typical 
pedagogies provide little immediate feedback to students, require teachers 
to spend hours grading routine assignments, are not very proactive about 
showing students how to improve comprehension, and fail to take 
advantage of digital resources that can improve the learning process” (West 
2012). Data mining and analytics provide the capabilities necessary to 
circumvent the traditionally cumbersome grading processes and glean 
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insights from student data about performance, learning approaches, and 
other metrics. For example, Leah Macfadyen and Shane Dawson developed 
an “early warning system” which correctly identified 81% of students who 
failed an online course by creating a regression model that analyzed such 
variables as total number of discussion messages posted and total number 
of assignments completed (Macfadyen and Dawson 2010).  

Big data analytics within education could also be used to monitor 
student progression through various course sequences for specific majors, 
online courses that change activities by measuring everything from 
individual clicks to aggregate performance and algorithms that suggest 
courses a student should take by analyzing her past grades in similar courses 
(Bienkowski et al. 2012). While traditional in-person classrooms may allow 
for the collection of big data for these applications, Anthony Picciano notes 
“to move into the more extensive and especially time-sensitive learning 
analytics applications, it is important that instructional transactions are 
collected as they occur” (Picciano 2012). This rapid collection of data is 
most likely to be facilitated by course management/learning management 
system architectures and online and blended learning course structures 
(Worsley 2012).  

There is little work that has looked at how to use analytics methods 
outside the classroom to improve the overall educational ecosystem, as well 
as educational policy. However, insights produced by the previously 
described learning analytics systems can also be used to inform policy 
decisions. According to van Barneveld, Arnold, and Campbell (2012), 
“Like business, higher education is adopting practices to ensure 
organizational success at all levels by addressing questions about retention, 
admissions, fund raising, and operational efficiency”. Michael Horn and 
Katherine Mackey (2011) suggest that education analytics can be used to 
shift the focus from inputs to outputs when measuring academic 
institutional success. Instead of using seat-time, faculty-student ratios, and 
dollars spent as a measure of success, analytics software can provide 
information on more appropriate metrics such as student performance and 
retention rates. The biggest obstacles to establishing more such systems are 
building data sharing networks where these myriad metrics can be 
aggregated, holistically analyzed, and shared among different institutions 
(West 2012). A recent paper proposes a model and algorithm that would 
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help prospective students make better informed decisions about the best fit 
and best college eco-system based on their unique personalities and 
behaviors (Berea et al. 2015).  

Text mining, social media, or sentiment analysis on the college 
decision process has generally not been discussed in education analytics 
literature and therefore presents an interesting opportunity to further 
advance research in this area. A recent survey by Piper Jaffray found that 
teens are abandoning Facebook in favor of Instagram; 76% of teens are on 
Instagram and they are using it to gain an unfiltered look at colleges 
(Stampler 2015). 

Data Analysis 

We collected data for this education analytics project for a period of 
4 months, between March 4th and July 1st, 2015. For this collection we used 
TwEater, an original and proprietary collection tool developed at the 
University of Maryland (TwEater 2015). Originally, the collection was 
based on 57 keywords and hashtags, such as: “igotin”, “college”, “campus”, 
“acceptanceletter”, and many more, and the original data set comprised 
more than 10 million tweets. Since most of these keywords were not 
necessarily related to the idea of higher education and college admissions 
and applications, we selected a list of 25 hashtags pertaining exclusively to 
college, high school and higher education. Out of these, only 20 rendered 
more than a tweet, with a minimum of one tweet for the hashtag 
#choosingacollege and a maximum of 1,153,618 tweets for the hashtag 
#college followed by 282,139 tweets for the hashtag #campus (see Table 1). 

On the basis of this collection, we assembled a data set of 1,523,817 
tweets where most of them (73%) refer to the general idea of “college”. 
Many of these tweets are quite general, but some of them focus on specific 
issues, such as: making college applications friendlier for the LGBT 
community, businesses supporting campuses, parent-student conflicts in 
college decision making, and hard college choices between various schools. 

Text Mining 

Based on this collection, we built a dictionary of about 470,000 
unique words that are specific to the discourse about higher education in the 
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USA. This is a dictionary roughly half the size of the English language (the 
Oxford English Dictionary has over 600,000 words alone), with the caveat 
that some of the words in our dictionary are informal or abbreviations or 
pronouns that may not be currently recognized as being part of the formal 
English.  

The most frequent words in the education discourse are “campus” 
and “college”, but if we leave these obvious terms aside, words such as 
“highschool”, “acceptance”, “life”, and “met” are highlighted as the most 
frequent ones that are not directly related to colleges. This gives us an 
indication that students do talk about college acceptance, life, and college 
related meetings on Twitter.  

We also analyzed each of the 20 keywords separately and created a 
histogram of word frequency for each of the 20 keywords. After “college”, 
“campus”, “higher education” and “highschool”, the largest corpuses 
(indicated by the number of tweets) belong to hashtags such as 
#collegeopportunity, #collegetour and #collegebound. The second most 
frequent word in most corpuses is “student”. Some interesting words, which 
are sparse (low frequency) but appear more than once and are associated 
with the most frequent terms mentioned above, are terms such as: “success”, 
“community”, “hard”, “chip” and “app”. There is a very large gap between 
the most frequent words and the second most frequent words (showing the 
long tail distribution of the words) (see Table 1).  

Twitter only allows for a fixed number of characters per tweet, 
therefore we also checked how many unique words are being used in a tweet 
in our data: #collegedecision, #collegechoice and #backtocollege have the 
most “rich” tweets (an average of ~7 words per tweet), while 
#collegeopportunity has the least number of unique words per tweet (an 
average of 0.2), probably due to a different type of content used in the tweet 
(i.e., hyperlink or video) (see Table 1). 

  



67 

Fall 2015 

Table 1. The summary statistics for higher education Twitter data 
 Number 

of tweets 
Highest 

frequency 
Second 
highest 

frequency 

Absolute 
sentiment 

score 

Corpus 
size (no. 
unique 
words) 

Words 
per 

tweet 

Min 6 2 2 -461647 17 0.2072 
1st 

Quart 
14.8 10.25 3.75 3.8 91.5 1.2242 

Median 198 155.5 50.5 37.5 515 3.1876 
Mean 76190.9 20985.15 3399.55 -34069.8 37949.7 3.2889 

3rd 
Quart 

2562.2 838.5 151.25 414.8 2727.2 4.5682 

Max 1153618 193802 48383 1945 469748 7.3636 

Sentiment Analysis 

We matched the words in each of the 20 dictionaries with the 
AFINN standard sentiment dictionary (Nielsen 2011) and calculated the 
sentiment scores of the tweets in our data (see Figure 1). The AFINN 
dictionary uses a scale from -5 to +5 to rate the effect of approximately 2000 
words. We calculated both the absolute and the weighted scores for each 
keyword. The absolute scores show that the first largest corpuses 
(“campus”, “college” and “highschool”) are also strongly negative, while 
all the rest are positive (with the exception of #backtocollege, where the 
absolute score is only -1, close to neutral, and #collegedecision, which is 0). 
However, raw sentiment scores do not take into account the volume of the 
tweets for each keyword. We therefore examine weighted sentiment scores 
– on corpus size and on tweet – since the distributions of the corpus sizes 
and number of tweets are quite skewed. The weighted sentiment scores 
show that #highschool is the most negative talk on Twitter, while 
#collegematch and #collegeopportunity are the most positive ones. 
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Figure 1. Sentiment values for each keyword. 

2.3. Zipf’s and power law distributions 

Zipf’s law is a well-known statistical regularity observed in natural 
language (Zipf 1949) that states that the frequency of any word is inversely 
proportional with its’ rank in the frequency table. We tested whether the 
Zipf law holds for each of the 20 corpuses and found that #highschool, 
#highereducation, and #collegetalk have distributions similar to the Zipf 
distribution (power of ~ -1), while #backtocollege, #rightcollege, and 
#collegecompletion show the farthest departures from the Zipf distribution 
(with power of ~ -0.3) (see Figure 2). 

 
Figure 2. Power law and Zipf distributions of words. 
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One way to interpret this result (backed by the size of the corpuses, 
as well) is that there is more actual discussion involved in general topics 
about high school and college education as opposed to topics about college 
completion or matching, where the Twitter activity is more likely to inform 
with links and other types of information as opposed to offering opinions 
and personal insights and affect. There is no explanation today for why 
Zipf’s law is characteristic to human language, but some prior research 
suggests that this distribution is more characteristic to natural language and 
the human memory of language (Cohen et al. 1997; Piantadosi 2014). 
Therefore tweets that contain other type of content than words are less likely 
to exhibit this pattern.  

Retweets 

Retweets in any Twitter data are one way to measure the degree of 
popularity of certain tweets. In our data the retweets to tweets ratio is quite 
high. The two keywords with the highest retweet to tweet ratio, 
“rightcollege” and “collegeopportunity”, had retweeting activity for almost 
each and every tweet -- 0.933 and 0.903 respectively  ̶  but this is due to the 
majority of the tweets with “collegeopportunity” that are initiated by the 
users of @WhiteHouse and @BarackObama, which are popular and 
frequently retweeted. 

Disregarding these outliers, the two keywords with the highest 
retweet to tweet ratio are “highered” and “collegebound” at 0.484 and 
0.468, respectively – almost half of the tweets being retweeted. The high 
retweet to tweet ratio of “collegebound” provides an interesting insight in 
the context of this project. It indicates that many high school seniors revert 
to Twitter to broadcast their accomplishments to friends, who share the 
congratulatory experience. This conclusion is supported by a reading of the 
tweets. Many of the keywords with high absolute numbers of tweets also 
have moderately high retweet to tweet ratios, namely “highschool,” 
“campus,” and “college” at 0.443, 0.399, and 0.356 respectively. 

Conclusion 

Our analysis is constrained to only about 4 months of collection and 
a short list of keywords. But even so, our findings show the following: there 
is generally a negative sentiment regarding colleges, campuses, high school 
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and higher education; there is a tension between students and parents with 
respect to college decisions; campuses and colleges are being judged with 
respect to their inclusions (i.e., LGBT); people are more interested in 
offering their opinions on general subjects (i.e., “campus”) than on specific 
ones (i.e., “college tours”, “back to school”). 

Our current research, although exploratory, points towards a few 
general conclusions when using social media or Big Data for education 
research. First, the selection of keywords and hashtags is essential, as these 
are going to determine the constraints for the data that are going to inform 
any analysis. Second, while there is considerable discussion on Twitter with 
respect to higher education, most of this discussion is negative. Third, social 
media is a great resource of information for education policy, as it gives in 
real time the opinions of the parents and prospective students when it comes 
to college applications, college acceptance, or college campuses. 

   

Acknowledgements 

The authors wish to thank Mrs. Ellie Cox for support and partnership 
in initiating and conducting this research. The work has been entirely 
supported by vibeffect. 

 

References 

Berea, Anamaria, Maksim Tsvetovat, Nathan Daun-Barnett, Mathew Greenwald, and 
Elena Cox. 2015. "A new multi-dimensional conceptualization of individual 
achievement in college." Decision Analytics 2(1): 1-15. 

Bienkowski, Marie, Mingyu Feng, and Barbara Means. 2012. “Enhancing Teaching and 
Learning Through Educational Data Mining and Learning Analytics.” United States 
Department of Education Briefs [https://tech.ed.gov/wp-
content/uploads/2014/03/edm-la-brief.pdf (accessed 6 September 2015)] 

Cohen, Albert, Rosario, N. Mantegna, and Shlomo. Havlin. 1997. “Numerical analysis of 
word frequencies in artificial and natural language texts”. Fractals, 5(01): 95-104. 

Horn, Michael B. and Katherine Mackey. 2011. “Moving from Inputs to Outputs to 
Outcomes.” Innosight Institute. [http://www.christenseninstitute.org/wp-



71 

Fall 2015 

content/uploads/2013/04/Moving-from-Inputs-to-Outputs-to-Outcomes.pdf 
(accessed 7 September 2015)] 

Macfadyen, Leah P. and Shane Dawson. 2010. “Mining LMS data to develop an ‘early 
warning system’ for educators: A proof of concept.” Computers & Education 54(2): 
588-599. 

Nielsen, Fenn. 2011. “a new ANEW: Evaluation of a word list for sentiment analysis in 
microblogs” in Proceedings of the ESWC2011 Workshop on 'Making Sense of 
Microposts': Big things come in small packages 718 in {CEUR} Workshop 
Proceedings: 93-98. [http://arxiv.org/abs/1103.2903 (accessed 7 September 2015)] 

Oxford English Dictionary. 2015. [http://public.oed.com/about/, (accessed 7 September 
2015)] 

Piantadosi, Steven T. 2014. “Zipf’s word frequency law in natural language: A critical 
review and future directions”. Psychonomic bulletin & review, 21(5): 1112-1130. 

Picciano, Anthony G. 2012. “The Evolution of Big Data and Learning Analytics in 
American Higher Education.” Journal of Asynchronous Learning Networks 16(3): 9-
20. 

Oxford English Dictionary. 2015. [http://public.oed.com/about/, (accessed 7 September 
2015)] 

Rand, William, David Darmon, and Radu Machedon, 2015. TwEater. 
[https://github.com/CenterForComplexityInBusiness/ (accessed 7 September 2015)] 

Stampler, Laura. 2015. “How High School Students Use Instagram to Help Pick a 
College”, Time Magazine, [http://time.com/3762067/college-acceptance-instagram-
high-school/ (accessed 7 September 2015)] 

Van Barneveld, Angela, Kimberly E. Arnold, and John P. Campbell. 2012. “Analytics in 
Higher Education: Establishing a Common Language.” Educause Learning 
Initiative: 2-11. 

West, Darrell M. 2012. “Big Data for Education: Data Mining, Data Analytics, and Web 
Dashboards.” Governance Studies at Brookings: 1-10. 

Worsley, Marcelo. 2012. “Multimodal learning analytics: enabling the future of learning 
through multimodal data analysis and interfaces.” in Proceedings of the 14th ACM 
international conference on Multimodal interaction (ICMI '12). ACM, New York, 
NY, 353-356. DOI=http://dx.doi.org/10.1145/2388676.2388755 

Zipf, George K. 1949. Human Behavior and the Principle of Least Effort. Cambridge, 
Massachusetts: Addison-Wesley. 

 
 
 
 



72 

Washington Academy of Sciences 

 
 
 

Bios 
 
Anamaria Berea is a postdoctoral researcher in the Center for Complexity 
in Business, Robert H. Smith School of Business, University of Maryland. 
She is researching social phenomena using various computational methods. 

William Rand is an assistant professor of Marketing and Computer Science 
at the University of Maryland. William Rand serves as the director at the 
Center for Complexity in Business. His work examines the use of 
computational modeling techniques, like agent-based modeling, geographic 
information systems, social network analysis, and machine learning to help 
understand and analyze complex systems, such as the diffusion of 
innovation, organizational learning, and economic markets. 

Kevin Wittmer is an undergraduate researcher in the Robert H. Smith 
School of Business, University of Maryland. He is researching various 
aspects of qualitative and quantitative methods for data analysis. 

Gerard Wall is the Solutions Architect at vibeffect, pioneering the 
investigation of how the Higher Education decision and its impact on 
families can become more transparent and relevant for the “consumer” as 
family. 

 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /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 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /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 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /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.)
  >>
  /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 [612.000 792.000]
>> setpagedevice


