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Preface

Wikipedia is one of the most popular sites on the Web, a main source of knowledge for a
large fraction of Internet users, and one of very few projects that make not only their con-
tent but also many activity logs available to the public. For these reasons, Wikipedia has
become an important object of study for researchers across many subfields of the computa-
tional and social sciences, such as social-network analysis, social psychology, education,
anthropology, political science, human-computer interaction, cognitive science, artificial
intelligence, linguistics, and natural-language processing. The goal of this workshop is to
create a forum for researchers exploring all social aspects of Wikipedia, including the cre-
ation and consumption of content, participation in discussions and their dynamics, task
management and the evolution of hierarchies, finding consensus on editorial issues, etc.
With a member of the Wikimedia Foundation's research team in the organizing committee
and a keynote speaker from the Foundation, we aim to establish a direct exchange of ideas
between the organization that operates Wikipedia and the researchers that are interested in
studying it.

– Robert West, Leila Zia, Jure Leskovec
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Abstract 
This paper presents some results of an ongoing research 
project on the interactions between Wikipedia and academ-
ia. The first part of the project analyses the perception and 
practices of academic faculty about Wikipedia. It also in-
cludes a study on 52 teaching experiences at universities 
around the world where lecturers have used Wikipedia for 
designing assignments involving students to edit the free 
encyclopedia. The second part of the project, still ongoing, 
is aimed at analyzing the scientific content of Wikipedia, in 
order to see how the non-expert nature of most of its editors 
shapes the way science and technology issues are presented 
in its articles. 

 Introduction   
Though so-called commons-based peer production 
(Benkler 2006) projects share many features with tradi-
tional scientific practices–peer review, open publication of 
results, intensive collaboration and commons-oriented 
production–there are also important differences regarding 
authorship, publishing, collaboration styles, and laypeople 
involvement. The present movement towards Open Sci-
ence and Open Research pleads for importing some peer 
production mechanisms into the realm of science and aca-
demia (Nielsen 2011), but it is not clear whether both cul-
tures and ways of knowledge production are fully compati-
ble. 
 Our research project tries to explore the interactions 
between these two realms–science and Wikipedia–and 
analyze possible conflicts, tensions or mutual enrichment 
processes. To put it bluntly we are interested to see both 
(1) what scientists do and think about Wikipedia and (2) 
what Wikipedia does to science. The first part of the pro-
ject, already completed, studies the perception and practic-
es of academic faculty–taken as a good proxy for ‘scien-
tists’–about Wikipedia. The second part, still ongoing, is 
aimed at analyzing the scientific content of Wikipedia, i.e. 
the subset of articles dealing with science and technology 
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issues, in order to see how the non-expert nature of most of 
its editors and the open collaborative style of Wikipedia 
shapes the way science and technology issues are depicted 
in its articles. 

Wikipedia and Academic Faculty 
Recent empirical studies show that Wikipedia is heavily 
and frequently used by a large majority of university stu-
dents to carry out different assignments and tasks 
(Wannemacher and Schulenburg 2010). Though there are 
very few studies with substantive empirical data on the 
attitude of university faculty members about Wikipedia–
see, as a recent exception, Soules (2015)–the common 
view is that they do not seem to be so positive: academics 
and scientists are thought to perceive Wikipedia with skep-
ticism or cynicism and very few become actual editors, 
improving or creating articles.  

Our study is based on a large online survey (913 valid 
responses) to all faculty members (3,639 people) in two 
large public universities in Catalonia, Spain (Universitat 
Oberta de Catalunya and Universitat Pompeu Fabra) in 
order to analyze their perceptions, attitudes and practices 
on Wikipedia. Our results show (±2.81% for overall data in 
the case of maximum uncertainty; p=q=0.5; confidence 
level 95%) that the overall quality of Wikipedia articles is 
highly valued and most faculty members are also regular 
users, mainly for information seeking. 

The results of our survey do not support, contrary to 
widespread opinion, an overwhelming negative or skepti-
cal attitude among university faculty towards Wikipedia. 
On the one hand, not only do most of them see it as a use-
ful teaching recourse (46.8%, while only 18.8% don’t) but 
few feel uncomfortable about students using it as a source 
of information (23.1%). On the other hand, the overall 
quality of Wikipedia articles is rather positively valued. 
From the three questions asking about quality, reliability 
and updating got a striking majority of positive answers–
only articles’ comprehensiveness received a slightly nega-
tive evaluation. The common assumption that most faculty 
members perceive Wikipedia as an inaccurate and unrelia-
ble source of information is not supported by our survey.  
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When considering their level of use of Wikipedia both 
for professional and personal matters but without focusing 
specifically on teaching activities, faculty members show a 
similar behavior to that reported for students. Most of them 
are regular users of Wikipedia: 62.6% for personal matters 
and 55.3% for academic matters. In fact, our control data 
even show that a relatively high percentage of them 
(13.5%) are even registered users of Wikipedia–far beyond 
the average rate of registered users for the general popula-
tion of Catalonia (0.4%). All in all, our survey depicts 
faculty members as frequent users of Wikipedia as long as 
passive use–information seeking mainly–is concerned. 

Another remarkable finding is that private instances of 
use–whether professional or personal–are not matched by 
public uses (i.e., those that require some sort of publicly 
stated commitment). While frequently using it in the pri-
vate sphere, most faculty members think Wikipedia is not 
well regarded by their colleagues as a respectable source of 
information (53.2%). Although they find it useful and rich, 
they do not tend to recommend its use to students (27.2%) 
and even less to their colleagues (23.1%). They are fre-
quent users but prefer not to talk about it. Wikipedia seems 
to be for academics what porn is for polite dinner conver-
sations. 

In general, this deep dependence on colleagues’ opinion 
and behavior, together with the preference for private uses 
of Wikipedia–those not involving public acknowledge-
ment–create a negative feedback loop. Since colleagues do 
not talk much about it, most faculty members tend to think 
their colleagues do not use it because they find it inappro-
priate or unreliable and that prevents them to publicly 
expose their own positive opinion and intensive use. 
Though most respondents (N=856) do not take a clear side 
(40.0% choosing the midpoint), those that think colleagues 
do not use it much (34.0%) significantly outnumber those 
who think they do (26.0%). 

In fact, colleagues seem to act as strong role models for 
most faculty members on this issue, whereas the institu-
tional context–their own university policies and culture–
seems less important. Even quality assessment of Wikipe-
dia content seems to be dependent on their perception of 
colleagues’ position about it (Aibar et al. forthcoming). 
Consistent with that, belonging to a specific area of exper-
tise seems to be more decisive than formal institutional 
affiliation. Like some of the past literature (Eijkman 2010), 
our study finds that faculty from hard sciences show a 
more positive assessment and use of Wikipedia than their 
social sciences and humanities’ colleagues. The general 
clash between scientific culture and peer production we 
had hypothesized is eventually modulated by the particular 
subcultures of more specific scientific disciplines. As for-
mer STS (Science & Technology Studies) works on sci-
ence culture have demonstrated (Knorr-Cetina 1992), there 
are enormous disparities–in methods, practices and episte-
mological styles–between different sciences. 

 Science and Technology in Wikipedia 
The aim of this second part of our project is to develop an 
analysis of the scientific content of Wikipedia, that is, the 
subset of articles dealing with topics of science and tech-
nology (our initial estimate is that about 10% of the 1.15 
million articles of the Spanish version could belong to it), 
from an STS point of view. 

The study is based on the fact that Wikipedia has recent-
ly become–among other things–the main platform for the 
public communication of science. Recent studies on com-
munication and public perception of science agree that the 
Internet has become, for most people, the main source of 
scientific information (Brossard and Scheufele 2013; 
FECYT 2012). In recent years the Internet has surpassed 
traditional media in this regard: newspapers, radio and 
television. According to a study by the National Science 
Foundation (USA) more than 60% of citizens seeking 
scientific information on specific topics, turn first to the 
Internet while only 12% are still using the online versions 
of traditional media–newspapers or magazines (National 
Science Board 2012). 

Data from the Spanish Survey on the Social Perception 
of Science (FECYT 2012) show that the Internet is also the 
main source of scientific information for the Spanish pub-
lic–for 40.9% of respondents. For the first time in Spain, 
the Internet is above TV (31%) and well above the rest. 
When asked about the type of Internet resources used for 
scientific information, 21.7% say they use Wikipedia as 
their main source. Only blogs and social media are above, 
but since both include a large variety of instances, Wikipe-
dia can actually be considered the most consulted singular 
source and, therefore, the most important channel for the 
public communication of science nowadays. 

Our analysis departs from the non-trivial task of select-
ing the corpus of science and technology articles in the 
Spanish version of Wikipedia. Since Wikipedia categories 
cannot be used for that purpose (they are neither exclusive 
nor exhaustive) we have built a preliminary corpus using 
an algorithm that produces clusters of articles through the 
analysis of the links between them. We have then filtered 
those clusters using the 6-digit code of the UNESCO no-
menclature for fields of science and technology, by select-
ing those clusters with an existing article matching any 
UNESCO field. We have finally carried out a manual se-
lection to determine the final corpus. Since the UNESCO 
classification is too broad and generous, we have left out 
those clusters mainly devoted to places (cities, countries, 
etc.), arts (music, literature, etc.) or religion. The rest of 
social sciences and humanities have been included. 

The final corpus gathers 340 clusters covering a total of 
60,108 articles, which means 5% of all articles in the Span-
ish Wikipedia. Since this is half of our initial expectation 
we are right now trying to devise methods to include other 
clusters (we are fairly sure that almost all articles in our 
corpus are of a clear scientific or technological nature, but 
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we also know that some scientific clusters have been left 
out). 

Our basic research question is whether the non-expert or 
lay character of the average Wikipedia editor is actually 
shaping the way science is depicted in the free encyclope-
dia. Several studies in the field of STS have shown how the 
involvement of non-standard actors in science and technol-
ogy issues–whereas in formal participation procedures or 
in informal settings–may change the way they work and 
also their outcomes (scientific knowledge or technical 
artefacts). But STS scholarship on the participation of 
citizens or laypeople in science and technology matters has 
not paid much attention to Wikipedia, a platform deliber-
ately designed to foster laypeople involvement in building 
(encyclopedic) knowledge. 

This general basic question has been operationalized in-
to other, more specific, sub questions. Are Wikipedia arti-
cles on science and technology more sensible to social 
issues around science and technology? Do they reflect 
standard scientific consensus or give some room to minori-
ty positions in science? Are the more controversial issues 
in Wikipedia (in science and technology matters) also 
those more controversial in society at large? How is the 
expert/lay divide managed in Wikipedia? 

In order to answer those questions we are developing 
our research into four dimensions. First of all, we are going 
to explore the quality of articles through the analysis of 
their bibliographic references. Other authors (Nielsen 2007 
for instance) have already carried out studies on Wikipedia 
references and very recently the Wikimedia Foundation 
itself has published a data set containing all references to 
scientific publications extracted from the English Wikipe-
dia (Halfaker and Taraborelli 2015). 

Secondly, we are analyzing the relative presence of 
Wikipedia articles across the different fields of science and 
technology and comparing it to the distribution of papers in 
scientific journals in standard academic data bases. Along 
this line, we are also going to produce a cognitive map of 
science and technology in Wikipedia, by exploring the 
links between articles in different fields, in order to com-
pare it to existing cognitive maps of science. 

Third, we would like to study the editors’ profiles and 
their editing records, in order to see if science and technol-
ogy Wikipedia editors are somewhat different from the 
rest. Finally, we want to pay particular attention to the talk 
pages and develop a qualitative analysis of controversies 
between editors in the most disputed articles. We are most-
ly interested in identifying what these controversies are 
about, what kind of resources are deployed, how closure is 
achieved, and what kind of general assumptions about the 
nature of science and technology are made. 

 
 
 

Concluding remarks 
A final remark can be made on the benefits of actively 
using Wikipedia in higher education. Though previous 
studies have successfully highlighted the positive educa-
tional improvement of different students’ abilities, such as 
motivation, collaboration, critical reviewing, writing and 
referencing skills, much less has been said on the urgency 
for scientists and scholars to pay attention to Wikipedia as 
a new and powerful channel for the public communication 
of science. The widespread social use of Wikipedia as a 
source for scientific information–including sensitive in-
formation on medical and health issues–for the general 
public, should also encourage a more active and systematic 
engagement of professional scientists and scholars in im-
proving this free encyclopaedia’s content in science-related 
matters. 

Nevertheless the fact is that scientists, scientific institu-
tions–from universities to laboratories or research centres–
and public bodies funding research are mostly unaware of 
this phenomenon. When dealing with public communica-
tion of their work they still think of traditional media or, at 
most, they turn to private social media in the Internet. 
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Abstract

We present several statistics related to English Wikipedia cat-
egory and article evolution between Wikipedia 2012 (Oct)
and 2014 (Jun) instances. This includes analysis of cat-
egories, articles and links creation and deletion. We also
present the distribution of Wikipedia articles over 14 broad
topics and compare them across 2012 and 2014 Wikipedia.
We provide several statistics of Wikipedia category graph. We
demonstrate that Wikipedia category hierarchy can be treated
as an is-a graph locally, but over longer paths it is no more an
is-a graph.

1 Introduction
Wikipedia is an online encyclopedia which has undergone
tremendous growth. Many knowledge discovery and infor-
mation extraction kind of applications heavily make use of
Wikipedia contents. From the engineering perspective of
these applications, it becomes important to know various
statistics and dynamics pertaining to different aspects of
Wikipedia. In this paper we present some statistics on the
Wikipedia categories and articles. We analyze the category
graph of Wikipedia and present the details such as graph
width, depth, cycle statistics, etc. We also show that treat-
ing the category hierarchy as an is-a graph can have nega-
tive semantics over a long paths. We compare and present
the statistics between two instances of English Wikipedia:
(i) Oct 2012, referred to as Wiki-12 in this paper and (ii) Jun
2014, referred to as Wiki-14.

1.1 Structure of Wikipedia
In this section we briefly highlight the organization of im-
portant elements of Wikipedia that are required to under-
stand this paper.

“Articles” are the normal pages in Wikipedia, that contain
information about a subject, such as Airbus A330, Gasoline,
Albert Einstein or Holiday.

“Categories” are special pages that are used to group ar-
ticles together. E.g., category Physics is used to group ar-
ticles related to physics. Every category can have multiple
parent categories and multiple child categories. Parent cat-
egories are more abstract categories that group related de-

Copyright c© 2015, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Wikipedia article and category organization

tailed categories. E.g, categories Physics, Chemistry, Biol-
ogy are grouped under Science. This creates a notion of hi-
erarchical organization of categories.

Articles are assigned multiple categories that are related
to that article. E.g, article on Electron is assigned categories
such as Leptons, Elementary particles, Quantum electrody-
namics, etc. Every article also links to related articles. E.g.,
article Electron associates with Magnetism, Electricity, etc.

Figure 1 depicts a part of Wikipedia structure.

2 Related work

Kittur et al. (Kittur, Chi, and Suh 2009) analyzed the
growth of categories, and developed an algorithm to se-
mantically map articles through its category links to the 11
top categories chosen by the research team. Krzysztof et al.
(Suchecki et al. 2012) investigate the evolution of the cat-
egory structure of the English Wikipedia from its birth in
2004 to 2008. They treat the category system as if it is a
hierarchical Knowledge Organization System, capturing the
changes in the distributions of the top categories. They in-
vestigate how the clustering of articles, defined by the cat-
egory system, matches the direct link network between the
articles and show how it changes over time.

Wikipedia, a Social Pedia: Research Challenges and Opportunities: Papers from the 2015 ICWSM Workshop
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Figure 2: Topic-wise relative distribution of articles in Wiki-
12

3 Evolution of Categories and Articles
We empirically studied the evolution of of Wikipedia cate-
gories and articles and present the results in this section. We
present various statistics related to the categories and arti-
cles.

3.1 Category and Article Creation
Categories and articles in Wikipedia are socially created and
annotated, and any user can create an article and classify
into a category by simply appending a category label to it.
This leads to an enormous growth of both categories and ar-
ticles. Wikipedia editors also modify the existing category
structure to better organize the articles. We studied changes
to the categories and articles between Wiki-12 and Wiki-14.
There has been an addition of 258483 number of categories
in Wiki-14. This accounts for 25% increase in the number
of categories. These are the categories that are present in
Wiki-14 but not in Wiki-12. Note that, due to refinement of
certain concepts, an existing category may be split into mul-
tiple fine-grained categories. We find that this is the major
cause for increase in the number of categories.

We observed that Wiki-14 has 507746 additional articles
than Wiki-12, which accounts for 12% increase.

We further analyzed the distribution of articles in Wiki-12
and Wiki-14 on 14 broad areas shown in Figure 2 and 3. In
table 1, we compare the evolution of articles in each of these
broad areas. Area Environment has seen maximum growth
rate followed by areas Law and People.

Note that, Wikipedia category structure is a directed graph
with every category having multiple parents and children
categories. Each category is also connected to a number of
articles. This gives us a notion of coverage of articles by a
category. By starting at a category c, we can traverse through
the descendant categories and collect all the articles that are
connected to one or more descendant categories. Let Γ (c)
be the set of articles that are reachable from the category c
in the above said manner. We say that, all the articles Γ (c)
belong to the category c. Alternatively, category c covers
Γ (c) articles. Although this seems to be a reasonable no-
tion of belongingness and coverage, there is a caveat to this.

Figure 3: Topic-wise relative distribution of articles in Wiki-
14

Wikipedia category graph is highly interconnected and al-
most any article can be covered any of the 14 broad cate-
gories shown in Figure 2. This is demonstrated in Table 1.
For each of the 14 broad categories, we calculate their cov-
erage Γ (�) at each level of the breadth first traversal starting
from that category. As the level increases, we can see that
more and more articles are covered and after level 10, almost
all the articles in the Wikipedia are covered. That means, all
the articles belong to all the broad categories, which is incor-
rect. As demonstrated in Section 4.3, long distance belong-
ingness in Wikipedia category graph does not make sense.
By randomly sampling and then manually inspecting 39 ar-
ticles, we concluded that, coverage of a category should not
look beyond 7 levels in a breadth first traversal for these 14
broad categories. Hence we reported the article coverage in
Figure 2 by considering the coverage of broad categories at
level 7.

3.2 Category Deletion
We also observed that, 32328 number of categories have
been dropped in Wiki-14. These are the categories in Wiki-
12, but not in Wiki-14. Further analysis shows that, deletion
of categories are due to (1) Renaming of categories. E.g.,
category Asian countries is renamed to Countries in Asia;
Electronic-commerce to E-commerce, etc. (2) Category turn-
ing empty due to the reassignment of the pages under that
category to other categories. E.g., category Hellkite Records
albums became empty when the editors reassigned the pages
under this category to other music related categories.

3.3 Administrative Category Evolution
Wikipedia has many categories that are used for adminis-
trative purposes. For e.g., the category “Articles needing
additional categories” is used to group articles that need
more specific categories, or may need additional categories.
Wiki-12 has 85195 administrative categories and Wiki-14
has 93388. We used a simple pattern matching rule from
(Ponzetto and Strube 2011) to detect administrative cate-
gories. These categories cover 72% (2994814) articles in
Wiki-12 and 70% (3237366) in Wiki-14.
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Table 1: Article coverage of broad categories at each level of breadth first traversal of category hierarchy starting from the
broad category. Each cell entry is of the form x (+/-y), where x is the relative percentage of articles covered in by a given broad
category in Wiki-14 and y is the percentage increase (or decrease) in the number of articles covered by the broad category from
Wiki-12.

3.4 Disambiguation Page Evolution

Wikipedia a has a concept of disambiguation pages1. Disam-
biguation pages on Wikipedia are used to resolve conflicts
in article titles that occur when a title is naturally associated
with multiple articles on distinct topics. Each disambigua-
tion page organizes articles into several groups, where the
articles in each group pertain only to a specific topic. Dis-
ambiguations may be seen as paths in a hierarchy leading to
different articles that arguably could have the same title. For
example, the title Apple2 can refer to a plant, a company, a
film, a television show, a place, a technology, an album, a
record label, and a news paper daily.

We observed that in Wiki-14, there has been an increase
of 13% in disambiguation pages. Wiki-12 has 219404 and
Wiki-14 has 248322 number of disambiguation pages. We
found that 61235 number of disambiguation pages from
Wiki-12 are updated in Wiki-14, which covers additional
120479 articles. This shows that Wikipedia editors are con-
sciously improving the disambiguation pages.

3.5 Link Evolution

Links in Wikipedia are used to reference association be-
tween two categories (say parent-child) or between two ar-
ticles (one article referring other article) or between a cate-
gory and a page (page belongs to a category). The Table 2
summarizes the link statistics for each type of link. Most of
the category-category links get dropped because of splitting
of a category into more categories as shown in the Figure
4. B and R are new categories. The links A-P and A-Q are
dropped, because of re-grouping of P,Q under B.

3.6 Evolution Summary

In Table 2 we summarize all these statistics.

1http://en.wikipedia.org/wiki/Wikipedia:Disambiguation
2http://en.wikipedia.org/wiki/Apple_(disambiguation)

Figure 4: Regrouping of articles resulting in link deletion
and addition

Head Wiki-12 Wiki-14
Total Categories 906775 1132932 (+25%)
Total Articles 4119421 4627167 (+12%)
Total Category-Category Links 2243031 3137644 (+40%)
Total Category-Article Links 24486557 30505543 (+24%)
Total Disambiguation Pages 219404 248322 (+13%)
Total Administrative Categories 85195 93388 (+10%)
New Categories - 258483
Deleted Categories - 32328
New Articles - 569456
Deleted Articles - 61710

Table 2: Summary of evolution statistics

4 Category hierarchy

4.1 Category hierarchy statistics

Starting June 2004 Wikipedia added the concept of cate-
gories to organize the articles. Each category can have mul-
tiple parent and child categories. Wikipedia editors are free
to create or link existing categories as a parent or a child.
This has evolved the category hierarchy into a massive cyclic
graph. However, we found that, most of the documents are
covered (by breadth first traversal) within a depth of 9 or 10
in Wiki-12 and Wiki-14. Figure 5 shows the distribution of
this coverage with the depth.
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Figure 5: Coverage of articles as a function of depth.

Figure 6: Cycle Length Histogram

4.2 Cycles in category hierarchy
Cycles are formed in the Wikipedia category hierarchy when
a category A is assigned as category B’s ancestor and the
category B is assigned as A’s ancestor. We have found 1766
number of cycles in Wiki-12 and 2804 in Wiki-14. These
cycles vary in length from 4 to 50 in Wiki-12 and 4 to 62 in
Wiki-14. The Figure 6 shows the distribution of these cycles
over the cycle length.

4.3 Category hierarchy as isa graph
In many of the knowledge discovery tasks, Wikipedia cate-
gory hierarchy is treated as an isa graph. Though it makes
sense (in most of the cases) to treat the concept represented
by a child category as a specific type of a broader concept
represented by a parent category (e.g., Computer_science is
a type of Applied_sciences), it is often the case that long
distance isa relationship in category hierarchy does not
make sense. For example, we can trace a path from the
category “Optical_storage” to “Biology” as follows:

Optical_computer_storage is a descendant of Bi-

ology as per the following relation hierarchy: Opti-
cal_computer_storage → Computer_storage_devices →
Recorders → Equipment → Technology → Intellec-
tual_works → Creativity → Intelligence → Neuroscience
→ Biology

Similarly, from “Automotive_testing_agencies” to “Alge-
bra” as follows:

Automotive_testing_agencies is a descendant of Alge-
bra as per the following relation hierarchy: Automo-
tive_testing_agencies → Automobiles → Private_transport
→ Transport → Industries → Economic_systems → Eco-
nomics → Society → Structure → Dimension → Manifolds
→ Geometric_topology → Structures_on_manifolds → Al-
gebraic_geometry → Abstract_algebra → Algebra

As explained in Section 3.1, our manual inspection of a
few (39) randomly sampled documents show that, is-a rela-
tion does not make sense beyond 7 levels. We found that,
between 3 to 5 levels, we can get a reasonably good isa re-
lation.

9



5 Conclusion
We reported various statistics related to the categories and
pages evolution between English Wikipedia 2012 and 2014.
We found that evolution of categories at the rate of 25% to be
higher than the evolution rate of articles which is 12%. The
category structure can be treated as a cyclic graph covering
99% of the articles within a depth of 10 from the root cate-
gory Main_topic_classifications. Although Wikipedia cate-
gory graph can be treated as an isa hierarchy, our observa-
tions show that beyond certain levels, isa relation does not
hold. We also analyzed the evolution of Administrative cat-
egories and Disambiguation pages in Wikipedia. Our obser-
vations show that, evolution is restructuring existing cate-
gories, articles and disambiguation pages to keep them co-
herent.
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Abstract 
Wikipedia is one of the largest platforms based on the con-
cept of asynchronous, distributed, collaborative work. A 
systematic collaborative exploration and assessment of Wik-
ipedia content and coverage is however still largely missing. 
On the one hand editors routinely perform quality and cov-
erage control of individual articles, while on the other hand 
academic research on Wikipedia is mostly focused on global 
issues, and only sporadically on local assessment. In this 
paper, we argue that collaborative visualizations have the 
potential to fill this gap, affording editors to collaboratively 
explore and analyse patterns in Wikipedia content, at differ-
ent scales. We illustrate how a collaborative visualization 
service can be an effective tool for editors to create, edit, 
and discuss public visualizations of Wikipedia data. Com-
bined with the large Wikipedia user-base, and its diverse lo-
cal knowledge, this could result in a large-scale collection of 
evidence for critique and activism, and the potential to en-
hance the quantity and quality of Wikipedia content. 

Introduction  
Wikipedia articles are a prime example of asynchronous, 
distributed collaboration on an internet scale. Editors from 
all the connected part of the world can gather to collaborate 
on a single shared document, without being in the same 
physical place or working on that document at the same 
time. For example, at the time of this writing, the term 
“city of dreaming spires” used by poet Matthew Arnold to 
describe Oxford is still part of Oxford’s Wikipedia article1,  
as it was in the first version of the article, created in May 
2001 by the editor Mjausson2.  This has given every Wik-
ipedia user the opportunity to reflect on that first descrip-

                                                
Copyright © 2015, Association for the Advancement of Artificial Intelli-
gence (www.aaai.org). All rights reserved. 
 
1 en.wikipedia.org/w/index.php?oldid=648076589 
2 en.wikipedia.org/w/index.php?oldid=271629 

tion of Oxford, to discuss it in the Talk page, edit, and 
move snippets of text in the different sections of the article. 
This is the essence of Wikipedia as a tool for asynchro-
nous, distributed, collaborative sensemaking. 

While this asynchronous, distributed collaboration is at 
the very heart of Wikipedia, the analysis of its content and 
coverage is still largely composed of many separate, indi-
vidual efforts. Several research projects have focused on 
the analysis of Wikipedia content, from cross-language 
comparison (e.g., Hale, 2015; Hecht and Gergle 2010b, 
Pfeil et al., 2006), to geographic analysis (e.g., Hecht and 
Gergle 2009; Graham et al., 2014), to the analysis of con-
troversial topics (e.g., Yasseri et al., 2014). Since systemat-
ic collaborative exploration and assessment of Wikipedia 
content and coverage is still largely missing, the platforms 
mostly relies on ad-hoc assessments by users for decisions 
about new content creation; i.e., users compare and analyse 
article contents individually and then may decide to con-
tribute additional content or amend existing content. 

What if the editors (and readers) were able to visualize 
the content (e.g., word frequencies), structure (e.g., which 
articles are linked to which other articles), or statistics 
(e.g., how many people write about a particular topic, 
where are these people, how many visitors were on this 
page and when)? What if these visualizations were also 
collaborative, so that other editors could also edit them? 
We contend that a tool allowing the broad Wikipedia 
community to collaboratively explore and analyse Wikipe-
dia at different scales and collect evidence for critique and 
activism has large potential to enhance the quantity and 
quality of Wikipedia content. In other words; in this this 
paper, we argue that collaborative visualizations (Pea, 
1993; Isenberg et al., 2011) can afford this function by 
giving groups of people the opportunity to reflect, discuss, 
and edit a common visual representation of Wikipedia con-
tent (see e.g., Figures 1 and 3, discussed below), in the 
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same way that editors can discuss and collaboratively edit 
the content of individual Wikipedia articles today. There-
fore, collaborative visualizations would support the process 
of asynchronous, distributed, collaborative sensemaking of 
entire parts of Wikipedia, in addition to the sensemaking 
that already occurs on the level of single articles. 

Visual analytics 
The term visual analytics was coined a decade ago by 
Thomas and Cook (2005) to refer to the “science of human 
analytical reasoning facilitated by interactive visualiza-
tions” (ibid: p.28). Visual analytics can be considered a 
direct descendant of the concept of exploratory data analy-
sis proposed by Tukey (1977). The fundamental idea is to 
combine the computer capabilities in automatic analysis 
and the human capabilities in visual pattern recognition. 
The aim, therefore, is to address a particular class of prob-
lems, which are both too complex or ill-defined to be fully 
automatised (i.e., too hard for a computer), and involve 
datasets too large and diverse to be presented in a static 
visualization for humans to analyse (Keim et al, 2008; 
2010). It comes as no surprise that several visual analytics 
software programs are being developed in the recent wave 
of ‘big data’ (Zhang et al, 2012), since they offer data ex-
ploration functionality and dashboards for making sense of 
large datasets. Within the domain of visual analytics, the 
field of geographic information science is devoting particu-
lar attention to the development of geo-visual analytics 
methods, that can account for the spatial and temporal 
components of data, and the inherent challenges that those 
dimensions pose in terms of both analysis and visualization 
methods (Andrienko et al., 2010). 

This paper contends that the analysis of Wikipedia con-
tent falls into the category of problems that visual analytics 
has been developed to tackle. The adequacy, correctness, 
completeness, and currency of Wikipedia articles and cate-
gories is a complex and ill-defined problem that could 
hardly be fully automatized. Moreover, information visual-
ization methods have long been used by researchers to ana-
lyse and investigate Wikipedia contents, edits, editors and 
their geographies, as well as the differences between dif-
ferent editions. Methods employed range from pie charts 
(Bao et al., 2012) to maps (Yasseri et al., 2014) and from 
density plots to network diagrams (Hale, 2014).  

Nonetheless, while ad-hoc processes and tools have so 
far been successfully used by researchers, such methods 
might not be suitable for Wikipedia contributors, who may 
lack the tools, time, or skills to perform the technical pro-
cesses needed to create such visualizations. These factors 
serve as barriers limiting the number of people who have 
access to such analyses. In turn, not only the scope but 
especially the scale of such analyses is diminished. “Local” 
scale analyses might be of great interest and relevance to 
particular communities, groups, or individuals but might 

not be chosen as a research direction by professional scien-
tists with a global audience in mind, or simply lacking lo-
cal knowledge to do these subjects justice. 

This paper further contends that collaborative visualiza-
tions, including collaborative geo-visualizations, can be a 
useful means to enable the analysis of Wikipedia content at 
scale. That is, a collaborative visualization service would 
provide the Wikipedia community with a tool to perform 
analyses of Wikipedia content, in a manner which would 
be consistent with the principles and practices of Wikipe-
dia. Users would be able to collaborate in investigating the 
structures and content of the platform, propose hypotheses, 
collect evidence, formulate critiques, and promote actions, 
such as new content creation and revision.  

Collaborative visualization 
One definition of collaborative visualization is “the shared 
use of computer-supported, (interactive,) visual representa-
tions of data by more than one person with the common 
goal of contribution to joint information processing activi-
ties” (Isenberg et al., 2011, p.312) – which covers its most 
important aspects. The key distinction between collabora-
tive visualization and other visualization environments is 
the possibility of different users asynchronously accessing, 
commenting, and editing visualizations created by other 
users. When specifically applied to visual analytics ser-
vices, this approach is also referred to as collaborative vis-
ual analytics (Heer and Agrawala,2008). 

Collaborative visualization services (e.g., Heer et al., 
2007; Viegas et al., 2007) are founded on the same princi-
ples as user-generated content websites like Wikipedia. 
Thus, both offer very similar functionalities. A user of a 
collaborative visualization service is able to create a new 
visualization, which is visible and editable by any other 
user of the same service. Users can edit visualizations, 
leave comments, and graphically annotate them, while the 
system records a changelog of each stage in the evolution 
of the visualization thereby ensuring complete lineage in-
formation. Heer et al. (2007) discuss how each of these 
functionalities has been used in a pilot study of the 
sense.us website. They clearly illustrate how the comment 
section is key to the ongoing process of sensemaking, as 
different users observe and point out patterns, ask ques-
tions, and suggest interpretations of the visualized data – 
an analogous role is performed by Talk pages in Wikipe-
dia.  

Similar concepts have been developed within the field of 
geographic information science (Brewer et al., 2000; Brod-
lie et al., 2005). These take the forms of participatory geo-
graphic information systems (GIS) or public participation 
GIS (Abbot et al., 1998; Dunn, 2007) and volunteered geo-
graphic information (VGI; Goodchild, 2007). These devel-
opments are also partially rooted in critical cartography 
(Crampton and Krygier, 2006), and critical geographic 
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information systems (Harvey et al., 2005), and thus in the 
on-going discussion within geography concerning the con-
cepts of space and place (Sui and Goodchild, 2011). 

The following section presents three scenarios that illus-
trate how collaborative visualizations, visual analytics, and 
geo-visual analytics methods could be applied to Wikipe-
dia as object of analysis.  

Collaborative visualizations for Wikipedia
 
A long-standing challenge for Wikipedia has been that 
most of its content (over 74 percent of all concepts) is writ-
ten in only one language (Hecht and Gergle 2010b). Fur-
thermore, even when users edit multiple language editions 
of Wikipedia, they are much more likely to edit articles in 
a second language that have a corresponding article in their 
first languages (Hale, 2015). So-called interlanguage links 
are a valuable resource to analyse what articles exist in 
certain language editions but not others. Interlanguage 
links connect articles about the same concept in different 
languages. For example, the article on Oxford in English is 
linked to the article on  in Japanese. 

Interlanguage links were previously maintained sepa-
rately in each language edition of Wikipedia through a mix 
of human and machine processes. They did not necessarily 
align perfectly between different language editions. In 
2013, these separate interlanguage links were replaced with 
a global, conflict-free, centrally stored and edited reposito-
ry in WikiData3. WikiData provides a knowledge base that 
is closely coupled with Wikipedia, making it a good possi-
ble source of information for collaborative visualization 
applications in general. 

A collaborative visualization of the interlanguage link 
data stored in WikiData could allow Wikipedia editors to 
understand what concepts are covered in other languages 
beyond the languages they edit in most frequently. This 
could help both multilingual readers to discover additional 
content and multilingual editors to write about some of this 

                                                
3 Launched in 2012, www.wikidata.org 

content in their primary languages thereby expanding the 
coverage of each language edition of Wikipedia.  

Figure 1 illustrates how a network diagram could be 
used to explore how different entities related to Oxford are 
represented in English and Italian Wikipedia. 

Besides exploiting data on relative coverage in different 
languages through interlanguage links to enhance Wikipe-
dia, WikiData could also be used to monitor specific as-
pects of coverage such as the gender of biography article 
subjects or the representation of different locations.  

The Wikimedia Lab DB offers another crucial source of 
data for a collaborative visualizations service, as it stores 
the complete structure of Wikipedia and other wikis in an 
SQL format (i.e., a standard relational database format). 
These databases provide a variety of information about 
single pages as well as their metadata. For instance, from 
data accessible through Wikimedia Lab DB (or related 
services, such as Quarry4 or the MediaWiki web API5), a 
hierarchical matrix plot (see Figure 2) could be created for 
comparing the coverage of a category in two different lan-
guage editions. Each cell in such a plot would show the 
difference in, e.g., the number of pages or the page lengths 
contained in a category and its subcategories (the latter two 
structured using marginal dendrograms in Figure 2). 

 

 
Figure 2. Illustrative example of hierarchical matrix plot (gener-

ated using random data). 
                                                
4 Launched in 2014, quarry.wmflabs.org 
5 www.mediawiki.org/wiki/API:Main_page 

Figure 1. Illustrative example of usage of a network diagram to illustrate interlanguage links on Wikipedia. 
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As another branch of exploration, collaborative visuali-
zation of the data in WikiData and Wikimedia Lab DB 
could also be used to analyse the geographic biases present 
in Wikipedia (e.g., Graham et al., 2014). Many Wikipedia 
articles about places and events have geolocation infor-
mation attached to them (a.k.a., geo-tags). As such, it is 
possible to map the coverage of Wikipedia as a whole as 
well as the coverage of any particular language edition. 
Figure 3 illustrates how a map could be used to explore the 
presence and absence of geo-tags in Oxford, comparing 
English and Italian Wikipedia.  

Additionally, one can map the locations of contributors 
using either IP address, geocoding, or user profile ge-
ocoding6. Ongoing work has also started to geolocate the 
third-party sources (e.g., newspaper articles, websites, etc.) 
cited in each language edition (Sen et al., 2015) enabling a 
third layer of geographic coverage to be visualized and 
collaboratively analysed. Plotting any of these three layers 
of geographic information in the form of a dot map or a 
density map could reveal interesting patterns, and possibly 
coverage gaps. Such visualizations are especially meaning-
ful and useful to Wikipedia users holding deep local 
knowledge of a certain geographical region (e.g., a valley, 
or a village) and may motivate their future contribution 
efforts. 

More generally, we believe that opening up shortcom-
ings of Wikipedia content and structure to reflection and 
discussion by rendering them explicit through collaborative 
visualizations has great potential for alleviating the known 
biases such as geography, gender or status present in all 
user-generated content platforms. Similarly, displaying the 
strengths of Wikipedia may allow inferring which content 
may be better quality controlled than others, or potentially 
lead to channelling the content creators’ energy and efforts 
to less attended topics. 

Furthermore, we envision that collaborative visualiza-
tion tools could expand to encompass contributor statistics 
and user retention metrics in the future. Such data is not 
currently available in WikiData, but efforts are underway 
to make this data more easily accessible. Analysis and vis-

                                                
6 E.g., cii.oii.ox.ac.uk/visualising-the-locality-of-participation-and-voice-
on-wikipedia 

ualizations of such data would be potentially very valuable 
for promoting diversity among contributors and thus an-
other vector for improving the quality of Wikipedia as a 
community and platform. 

Challenges and research agenda 
In this paper, we have illustrated how a collaborative visu-
alization service would enable users to analyse Wikipedia 
content using visual analytics methods to investigate di-
verse aspects of the platform in a collaborative and asyn-
chronous manner. Such activities would then ideally result 
in new content creation or in amendments of existing con-
tent. Building a collaborative visualization service on top 
of a user-generated content platform (to expand and im-
prove the platform’s coverage through collaborative intro-
spection and discussion) is not restricted to Wikipedia, but 
could also benefit other crowdsourcing and open data initi-
atives. However, this new perspective also poses some 
questions and opens up new challenges in a number of 
research areas related to technology, design and social sci-
ences. 

First, a number of technical challenges need to be ad-
dressed in order to implement a service allowing collabora-
tive visualization and analyses as discussed above. In the 
case of Wikipedia, the WikiData project and the Wiki-
media Lab DB currently seem the most promising founda-
tions for such a service, providing the necessary underlying 
input data. Currently, vector-based interactive visualization 
tools represent the state-of-the-art for visual analytics (pos-
sibly using WebGL for complex visualizations (see e.g. 
Garaizar et al., 2012)). Custom-made tools could be built 
for collaborative sensemaking or adapted from existing 
projects such as RAW7 (see Uboldi and Caviglia, 2015).  

Second, information visualization design challenges 
need to be carefully considered to decide which type of 
graphs and maps should be made available for which kind 
of data. In order to reach a broad user base among Wikipe-
dia editors, the overarching emphasis in service and visual-
ization development needs to be put on ease of use for con-

                                                
7 github.com/densitydesign/raw 

Figure 3. Illustrative example of usage of a density map to illustrate presence and absence of Wikipedia geotags. 
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structing, editing, annotating and discussing visualizations, 
while the visualization designs should be guided by the 
cognitive and perceptual principles. The interface design 
should focus on learnability, consistency with Wikipedia 
and its modalities of interaction, and support users in their 
visualization process by offering informed choices and 
annotations leading them to good design choices.  

Furthermore, assuming that a collaborative visualization 
service for Wikipedia has been developed, deployed, and is 
being actively used, new opportunities for development 
and testing of new ideas and methods in the field of com-
puter-supported collaborative work will arise. A critical 
perspective from the digital humanities community could 
lead to significant improvements of the service, resulting 
from rich historical understandings of the construction of 
knowledge, and experience of using such mixed methods 
(visualizations alongside discussion) for collaborative 
sensemaking. Such a service would also be a valuable tool 
for digital humanities research, allowing for multilayered 
analyses of articles on, for example, historical events, liter-
ary texts, and historiography. The open-source approach at 
the core of Wikipedia will provide researchers in the social 
sciences with a great source of data on collective behaviour 
on the internet, and the use of data and visualization for 
decision-making, critique, and activism. 

Finally, a distributed, large-scale analysis of Wikipedia, 
which developed to one of the pivotal sources of infor-
mation on the internet, will shed light on the role of digital 
mediation in content production, reproduction, and its rep-
resentativeness. 
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Abstract 

This paper investigates the diffusion of around 100,000 arti-
cles about literary authors in 52 versions of Wikipedia. We 
studied how Wiki versions replicate articles of authors be-
longing to a particular linguistic group and we collected 
findings about the potential mechanisms governing the repli-
cation process and its fairness. Results showed that diffusion 
of articles follows a power law, governed by strong prefer-
ences among versions, with a high number of isolated arti-
cles only present in one Wikipedia version. We found that 
the English Wiki has a prominent role in diffusing 
knowledge. However, results also showed that other Wik-
ipedia versions were fundamental to building a rich global 
corpus of knowledge. Classical Greek and Latin authors re-
sulted the most replicated set of entries. We found that geo-
graphic proximity and linguistic similarity was pivotal to 
explaining mutual links between Wikis. Finally, despite the 
presence of preference mechanisms, we found how the rela-
tive importance that each Wikipedia versions assigns to the 
set of authors of each language is significantly correlated 
with an expert-based ranking built on the outcome of various 
international literary awards, including the Nobel Prize. 
Moreover, we showed how Wikipedia exhibits a strong Wis-
dom of Crowds effect, with the collective opinion of all the 
Wikipedia versions showing a correlation with the experts 
higher than any individual Wikipedia version, with a value 
for Pearson's’ r of about 0.9. 

Introduction 
Wikipedia is the online free encyclopaedia collaboratively 
written by web users, ranking among the top 10 most 
visited websites. It has versions in about 240 languages, 
with 122 languages hosting at least 100,000 articles (as of 
June 2014). According to Wikipedia guidelines, the 
reliability of the entries is guaranteed by the rule of the 
neutral point of view (NPOV), according to which every 
article should "represent fairly, proportionately, and, as far 
as possible, without bias, all of the significant views that 
have been published by reliable sources on a topic." 
 In spite of this NPOV policy, a recent and growing body 
of literature from both academia and the popular media has 

shown that the Wikipedia content is not exempt from bias. 
For instance, (Denning et al. 2005) identify six classes of 
risk: (i) accuracy, i.e., the reader cannot be sure which 
information is accurate and which is not, (ii) motives, i.e., 
the reader ignores the reason why contributors have 
decided to write an entry, (iii) uncertain expertise, i.e., the 
reader has no information about the contributor's 
qualifications, (iv) volatility, i.e., the articles can be 
modified over time making the content unstable and 
difficult to use for citations, (v) coverage, i.e., the 
contributions are not part of a careful plan to organize 
human knowledge, but mainly represent the interests of a 
self-selected set of contributors, and (vi) sources, i.e., 
articles do not cite reliable sources. 
 An important source of bias could come from the 
coverage dynamics. Recent studies have looked at how the 
coverage of contents varies across the different versions of 
Wikipedia, depending on the language. (Halavais and 
Lackaff 2008) compare the distribution of topics on 
Wikipedia with the distribution of books and some field-
specific academic encyclopaedias. Their results show that 
Wikipedia's topical coverage is mainly driven by the 
specific interests of the contributors and the reliability of an 
individual article strongly depends on the macro-area of 
that article. (Hecht and Gergle 2009) analyze 15 different 
language editions of Wikipedia by using a social network 
analysis approach. They show that in many cases, the 
contributors of a specific Wikipedia version encoded 
information that was relevant for them and other users 
belonging to the same Wikipedia community, but that was 
less relevant for contributors to other versions of 
Wikipedia. The authors call this effect a "self-focus bias". 
This is corroborated by (Kolbitsch and Maurer 2006), who 
examine the textual content of each article. Their results 
show that the way famous individuals are described in the 
English and German versions of Wikipedia is different due 
to the fact that, depending on the language, some famous 
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local personalities are described extensively, while in other 
Wikipedia versions they were only cursorily portrayed. 
 (Warncke-Wang 2012) investigate the relationship 
between the different languages in Wikipedia by generating 
a similarity metric based on the concept of coverage. 
Results show that the similarities between the editions of 
Wikipedia (i) decreased depending on the increasing 
geographic distance between the countries, (ii) increased 
when the size of the Wikipedias (i.e. the number of 
articles). However, a set of only 9 versions of Wikipedia 
was used and similarity was defined through an undirected 
measure, i.e., a Jaccard index, rather than a direct one. 
Furthermore, by only looking at the relative size of the 
Wikipedia versions and without a directed link between 
them, it is difficult to infer properties of the process of the 
diffusion of articles among each version. 
 (Eom and Shepelyansky 2013) analyze the presence of 
local bias by generating three ranking algorithms based on 
the network structure of Wikipedia and focussing on how 
different versions evaluate famous persons. Their results 
confirm a large presence of local heroes, but they also 
identify a restricted set of global heroes (i.e., personalities 
recognized by the majority of Wikipedia versions), which 
creates a network of entanglements between cultures. 
Authors used an undirected network and centrality 
measures such as PageRank.  
 Our paper aims to look at how topics are replicated 
across multiple Wikipedias and to study interesting 
properties of the mutual relationships among Wiki versions. 
We wanted to measure knowledge diffusion in order to 
look at the tension between the existence of a dominant 
global language and the presence of localized languages. 
Secondly, we wanted to understand if diffusion bias was 
generated by preference mechanism based on geographical 
or linguistic factors, which follows the well-known 
homophily argument, i.e. the extent to which 
communicating individuals are similar depending on some 
common features (McPherson 2001), (Lazarsfeld et al. 
1954). Lastly, we wanted to ascertain the extent to which 
the relative importance that each Wikipedia version assigns 
to each set of authors of each language can be compared to 
an expert-based ranking of world literature based on the 
outcome of various international literary awards, including 
the Nobel Prize.  
 The paper is organized as follows: section 2 illustrates 
the dataset; section 3 analyses the diffusion mechanisms of 
articles in Wikipedia; section 4 investigates the fairness of 
the various Wikipedia versions in replicating articles; and a 
final section presents our conclusion. 

Dataset and Naming Conventions 
We selected a sample of Wikipedia articles that included 
the following Wikipedia categories: Writers (including 

Novelists), Poets and Philosophers, from now on referred 
as authors. These articles are of particular interest in 
studying knowledge diffusion across Wikipedia. It is likely 
that the original works of authors were first accessible to 
people speaking their own language and they were 
translated abroad when they reached an international status.  
 Selection and classification of authors was based on the 
language used by the author and her/his nationality. 
Therefore, the English set included British, American, Irish 
and all authors whose mother tongue was English. We 
relied on Wikipedia’s classification system. For instance, 
we identified the list of Swedish authors according to the 
list of Swedish authors presented in the Swedish Wikipedia. 
By doing so, we presumed that each list of authors was 
more complete in its own linguistic version. Each list of 
authors includes not only world-famous authors but also 
local authors included in only a small number of Wikipedia 
versions. 
 

 
 

Table 1 – Wikipedia versions considered in this study. 

 Moreover, an author could have written in more than one 
language and have had more than one nationality. 
However, the impact of these disputed authors was not 
statistically significant. There were only 311 disputed 

N Language    N Language    

1 English en 4532 14408 27 Turkish tr 229 1662 

2 Dutch nl 1779 2361 28 Slovak sk 193 818 

3 German de 1726 6436 29 Danish da 188 3650 

4 Swedish sv 1626 3266 30 Basque eu 182 319 

5 French fr 1514 9242 31 Lithuanian lt 165 973 

6 Italian it 1127 5939 32 Bulgarian bg 162 1033 

7 Russian ru 1120 3128 33 Hebrew he 158 332 

8 Spanish es 1106 7338 34 Croatian hr 146 1272 

9 Polish pl 1050 2825 35 Slovenian sl 141 1040 

10 Vietnamese vi 929 422 36 Estonian et 124 758 

11 Japanese ja 913 5397 37 Armenian hy 121 359 

12 Portuguese pt 830 1092 38 Galician gl 114 902 

13 Chinese zh 774 1083 39 Hindi hi 112 503 

14 Ukrainian uk 507 2142 40 Latin la 108 488 

15 Catalan ca 429 539 41 Greek el 102 1044 

16 Norwegian no 422 1097 42 Azerbaijani az 101 994 

17 Persian fa 394 450 43 Thai th 88 424 

18 Finnish fi 348 2338 44 Occitan oc 87 229 

19 Indonesian id 343 331 45 Georgian ka 83 356 

20 Czech cs 297 2029 46 Belarusian be 73 736 

21 Arabic ar 283 1100 47 Latvian lv 55 376 

22 Korean ko 279 905 48 Urdu ur 52 385 

23 Malay ms 264 102 49 Bosnian bs 51 222 

24 Hungarian hu 261 4069 50 Albanian sq 51 686 

25 Serbian sr 248 798 51 Afrikaans af 45 347 

26 Romanian ro 244 560 52 Icelandic is 38 308 
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articles. In these cases, authors were assigned to both 
versions of Wikipedia. 
 We also considered Latin and Greek languages, which 
are useful in analysing the diffusion of classical studies and 
the impact of two former linguae francae. Latin authors 
were an exception to the strict language-based 
classification. Latin authors included authors of Ancient 
Rome (such as Cicero) and authors of the Early Middle 
Ages (such as Boethius), while authors of the late Middle 
Ages (from the 9th century onwards) who used Latin as 
their first language were classified according to their 
nationality. For instance, F. Bacon was an English 
philosopher and Thomas Aquinas was an Italian one.  
 Table 1 shows the list of the Wikipedia versions 
considered here. For each version, the table includes the 
total number of articles for each version (column ����, 
expressed in thousands and used to sort the table), and the 
number of articles in our dataset (column Authors). We 
selected 99,841 articles from 52 different languages. This 
distribution indicated that Anglophone authors were the 
biggest cohort, followed by the other major European 
languages. 

Names, symbols and basic notations 
We call �� the Wikipedia version written in �, and 
�� � �� the Wikipedia page written in � about article � � 
We used the Wikipedia code to identify each language as 
shown in Table 1. We called � the set of all the articles in 
our dataset of 99,841 authors. We called �� the set of 
authors to which we assigned the language �. For instance, 
��� includes Shakespeare and Hemingway, ��� includes 
Proust, Voltaire and so on. ��� is the English Wikipedia, 
which might contain a version of some (though probably 
not all) the articles in ���. 
 We say that a Wikipedia version �� written in � owns all 
the articles of the authors associated with its language, i.e. 
��, while it replicates some of the other authors associated 
with a foreign language different from �. We call �� the set 
of all the articles included in �� about authors associated 
with a foreign language. For instance, ��� includes Proust 
and Dante, while ��� includes Shakespeare and Dante, but 
��� may not include a local Italian writer �, since the 
French Wikipedia ��� does not contain an article for �. 

Given an article �, we called � �  the number of 
Wikipedia versions replicating article �. The number of 
versions � �  was an index of the global diffusion of an 
article. A high value for � � meant that � was included in 
a high number of versions, evidence of a universally 
accepted topic, while a low value for � �  was evidence of 
a local topic.  

The Diffusion of Articles in Wikipedia 

Article Distribution across Wikipedia versions  
In this section we start analysing how the set of authors 
collected is distributed and replicated among each 
Wikipedia version. Figure 1 (dark grey line) shows the 
frequency distribution of the articles in our sample by the 
number of Wikipedia versions ���� replicating the article. 
 To check whether the distribution of articles was uniform 
among all the Wikipedia versions, we simulated a random 
distribution in which every article was considered to have 
the same likelihood of being replicated by other Wikipedia 
versions, i.e., a situation with no preferences in the 
replication process. The simulation guarantees that each 
Wikipedia version had the same number of articles owned 
and replicated as the observed actual Wikipedia versions, 
but the article to be replicated was selected according to a 
uniform distribution. The light grey line in Figure 1 
indicates the distribution obtained by a random simulation. 
If the various Wikipedia versions replicated articles 
following a uniform random distribution, there would be a 
majority of articles replicated in 4 to 7 versions, very few 
isolated articles and virtually no globally replicated articles. 
However, results showed that the actual distribution 
follows a power law with an exponent � � ���. This 
implies the presence of a number of isolated or very local 
articles higher than random, and a number of globally 
covered articles also higher than random. Table 2 shows the 
distribution of articles divided into six groups according to 
their number of versions. More than 62% of articles were 
isolated articles, 1.78% had more than 20 versions, in 
comparison to none in the random case. Once data were 
weighted according to the number of versions of each 
article, we found that the articles with more than 20 
versions accounted for more than 21% of all the pages (0 in 
the random case) and the articles with ���� � � were 
about 40% against 7.4%. 

 

 
 

Figure 1 –Frequency Distribution of Articles. 
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Table 2. Frequency distribution of articles by number of versions. 

 
 The presence of a power law indicates that distribution of 
Wikipedia articles is governed by a preference mechanism 
where a few articles were highly replicated while a large 
number of articles were isolated. In other words, the results 
showed that a restricted minority of articles are common to 
most Wikipedia versions.  This small subset of articles 
represents the common body of knowledge that can be 
accessed by individuals speaking most of the languages in 
our sample. To understand which of the Wikipedia versions 
was more prone to hosting common knowledge or local 
articles we calculated the proportion of isolated articles 
over the total number of articles for each Wikipedia version 
(Table 3). The table shows whether each of the Wikipedia 
versions had a proportion of isolated articles significantly 
higher (symbol ‘+’) or lower (symbol ‘-’) than the average 
of all the Wikis considered, or whether it did not differ 
significantly (symbol ‘=’). On the one hand, results showed 
that English, German and Arabic versions of Wikipedia 
alone hosted a number of isolated articles consistent with 
the average. On the other hand, a large group of Wikipedia 
versions hosted a significantly higher number of isolates, 
with the Hungarian Wikipedia including about 82% of 
articles that were not replicated by any other Wikipedia 
version. A consistent group of Wikipedia versions hosted 
significantly fewer isolated articles than the average, with 
the Latin Wikipedia having only 4% of isolates. 
 The results supplied key indications about how 
knowledge is distributed into the Wikipedia environment. 
Wikipedia versions had different features, not only in terms 
of quantity of articles hosted but especially in terms of type 
of article hosted. While many versions of Wikipedia tended 
to host chiefly local content, other Wikipedia versions 
played a more crucial role in spreading the knowledge in 
multiple languages. Consistent with (Hecht and Gergle 
2009), the first category of Wikipedia versions encoded 
information which was just relevant for the users belonging 
to the same Wikipedia community, focusing mainly on 
“local heroes” (ibid.). Access to the content of these 
Wikipedia versions is limited to speakers of the local 
languages and the contributions of such local versions to 
the common knowledge embodied in the whole 
encyclopaedia is almost unimportant. In summary, our 

results are fully consistent with the “self-focus bias” 
phenomenon by (Hecht and Gergle 2009). On the contrary, 
the second category of Wikipedia versions provides an 
important contribution to the spread of knowledge, hosting 
more common articles than the others. Thanks to the 
openness of these Wikipedia versions, articles can be read 
worldwide.  
 

 
 

Table 3 – Proportion �� of isolated articles. ‘***’ represents 0.99 
confidence level, ‘**’ 0.95 and ‘*’ 0.9. 

Measuring preferences among Wiki versions  
Up to now our analysis has shown that a vast group of 
Wikipedia versions replicated more articles than the others 
and some of these included more global content than 
others. However, we have no information on the structure 
of the hosting relationships between versions of Wikipedia, 
e.g. who is hosting who. The aim of this section is to 
establish whether Wikipedia could be described as a 
random chaotic environment where the different versions 
mutually share contents without any pattern or whether, 
alternatively, the relationships between versions of the 
encyclopaedia (or at least some of them) could be explained 
by the presence of strong preference mechanisms. 
First of all, we checked whether the way a Wikipedia ver-
sion hosts authors of a foreign language significantly devi-
ates from the random expected behaviour. 
 Given a Wikipedia version �� identified by its language 
� and the set of authors �� associated with another lan-
guage � and owned by another Wikipedia version ��, we 
calculate a hosting preference index ����� �� of �� with 
respect to authors ��. ����� �� is the value of the t statistic 
of the null hypothesis test between the observed number of 
articles in �� replicated by �� and the expected number of 
articles.  
 More specifically, let � � ������ be the total number of 
authors in our dataset (i.e., 99,841). �� is the number of ar-
ticles replicated by Wikipedia �, probably including some 

Groups   
(by value of  ) 

N. of Articles N. of Wiki Pages 
Actual Rand Actual Rand 

Isolated (1) 62.1% 2.04% 22.3% 0.4% 
Local (2-3) 21.5% 14.3% 17.8% 7.0% 
Regional (4-9) 11.1% 80.6% 22.4% 86.9% 
Macro-Region (10-20) 3.5% 3.03% 17.1% 5.78% 
International (21-49) 1.7% 0 19.9% 0 
Global > 50 0.08% 0 1.47% 0 

  t    t 
1 hu 0.82*** +  37 en 0.54 = 
2 th 0.80*** +  38 fr 0.54* - 
3 az 0.79*** +  41 es 0.48** - 
4 fi 0.78*** +  42 el 0.479*** - 
5 ja 0.78*** +  43 pt 0.473*** - 
6 bg 0.76*** +  44 lv 0.46*** - 
7 sv 0.75*** +  45 ca 0.44*** - 
8 vi 0.72*** +  46 he 0.43*** - 
9 pl 0.72*** +  47 fa 0.43*** - 
10 tr 0.71*** +  48 af 0.41*** - 
18 it 0.64** +  49 ro 0.4*** - 
22 ru 0.63** +  50 ur 0.37*** - 
24 zh 0.62* +  51 oc 0.24*** - 
27 ar 0.59 =  52 la 0.04*** - 
35 de 0.56 =  
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versions of articles in ��. Wikipedia � could host 
� � ���� articles (all except its own), and if all the articles 
had the same probability of being hosted, the expected pro-
portion �� of articles from �� hosted by �� is as follows: 

�� �� � �
����

� � ����
� 

However, if the observed number of articles of �� hosted 
by �� in our dataset is ���� ��, the observed proportion of 
articles is: 

�� �� � �
� �� �

��
� 

(number of articles of �� hosted by �� divided by all the 
foreign articles hosted by ��). The statistical test compared 
the two proportions �� and �� with � ���� . The test stand-
ardized score was the value of ����� ��. Given a confi-
dence level, the value of ����� �� indicates if the null hy-
pothesis was rejected. If the null hypothesis is accepted, 
this meant that �� replicated authors in �� as expected, 
while if the hypothesis is rejected, then the sign of �� indi-
cates that � hosted higher-than-average or lower-than-
average numbers of articles from the set ��. High positive 
values indicate a propensity of �� to accept articles from 
��, while low negative ones indicate that articles from �� 
were hardly replicated by Wikipedia ��. 
 If we consider all the pairs among the 52 versions, 
identifying 2652 possible directed pairs and we set a 
significance level of 0.99, 1626 pairs (60.9% of the total) 
had the expected level of hosting, while 413 (16%) were 
higher than expected and 613 (23.1%) were lower. This 
indicates that hosting dynamics was not driven by the 
chance, but on the contrary was often biased by strong 
preferences.  
 Table 4 shows various measures of the level of 
preference attributed to each Wikipedia �� (or better, the 
set of authors �� associated with the language of 
Wikipedia version ��). For each Wikipedia version, it 
includes the average value of �� and the number of 
Wikipedia versions (out of 51) where each version was 
hosted significantly more than expected (���), less than 
expected (���) and as expected (���). The difference 
��
� � ��

� was called ��  and indicates the overall degree of 
preference attributed to a Wiki. The left-hand side of the 
table lists the most preferred Wikis, while the right-hand 
side the less preferred. Results showed the supremacy of 
classical authors (both Latin and Greek receive a positive 
preference from 50 out of 51 Wikipedias and they have the 
highest value of ��), followed by English, German, and 
French. The columns on the right show the bottom 10 
Wikipedia versions by average value of ��. The Hungarian 
Wikipedia, for instance, had the lowest average preference 
index and it was hosted less than expected by 49 out of 51 
versions. 

 
 

Table 4 – Average Value of the preference indicator ��. 

 

The Global Wikipedia Network 
Based on the value of the preference indicator ��, we de-
fined a network-like structure over the Wikipedia versions 
called Global Wikipedia Network – GWN – where version 
�� was linked to version �� if �� �� � � ��, where �� is a 
significance level (we used ��=0.99). This means that �� is 
linked to �� if �� replicated a significant number of arti-
cles from the set �� associated with ��. 
 The obtained a GWN has a density of 0.159 and average 
degree of 8.09. The nodes were connected in a single giant 
weak component and three strong connected components. 
More precisely, the main component was composed of all 
the Wikipedia versions except the Dutch and Indonesian 
versions, which formed two separate components. This 
implied that the connectedness measure (Krackhardt 1994) 
was 0.962, meaning that a very large majority of the Wikis 
could reach each other by a path of any length. Similar to 
(Travers and Milgram 1969), (Lescovez and Horviz 2008) 
and (Backstrom 2012), the diameter of the graph was 
relatively slow (6 paths) compared to the total number of 
nodes.  

Linguistic and Geographical homophily 
Our results showed that strong preference mechanisms 
underpin and bias the hosting relationships between the 
Wikipedia versions. In this section we explain the presence 
of such preference mechanisms by arguing that the more 
similar two countries were (in terms of language and 
geography) the stronger was the preference between the 
two correspondent Wikipedia versions. We claim that to 
explain the emergence of hosting relationships it is 
necessary to look at the micro social sphere of the 
motivation that pushed certain authors to translate and 
share articles in Wikipedia. More precisely, we assumed 
that the main force driving the Wikipedia contributors to 
translate and share articles from another specific Wikipedia 
version was the affinity between their own country and the 
country of the target Wikipedia version.  

   
 

 
   

 
1 la 19.04 50 (50,1,0)  1 hu -7.95 -47 (2,0,49) 
2 el 11.76 50 (50,1,0)  2 ja -4.94 -33 (4,10,37) 
3 en 6.29 31 (32,18,1)  3 no -4.30 -32 (2,15,34) 
4 de 4.94 31 (31,0,20)  4 id -4.23 -26 (0,25,26) 
5 fr 3.93 21 (22,28,1)  5 uk -4.11 -32 (3,13,35) 
6 he 3.61 23 (23,28,0)  6 da -3.9 -41 (2,6,43) 
7 ru 2.92 14 (20,25,6)  7 nl -3.87 -34 (0,17,34) 
8 fa 2.69 18 (18,33,0)  8 es -3.84 -35 (5,6,40) 
9 ar 1.55 14 (15,35,1)  9 gl -3.51 -28 (2,19,30) 
10 zh 1.21 6   (8,41,2)  10 bs -3.19 -10 (2,37,12) 
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 We argued that the more similar two countries were, the 
higher the probability that a relationship of hosting between 
them was. We referred to the well-known homophily 
argument (e.g. (McPherson 2001), (Lazarsfeld et al. 1954)) 
and assumed that the higher the linguistic and cultural 
similarity between two given Wikipedia language 
communities , the higher the probability of detecting 
similarities between them. On the one hand, we modelled 
the linguistic similarity by defining nine groups of similar 
languages shown in Table 5. On the other hand, we looked 
at geographical proximity and defined seven macro areas of 
similar countries, such as Northern Europe, Southern 
Europe, Scandinavia, Eastern Europe, Asia, Middle East. 
To test the hypothesis, we used the well-known E-I index 
(Lazarsfeld et al. 1954) as a measure of alter-ego similarity 
across the categories of language and culture. For both 
language and geographical proximity, we calculated the E-I 
index of the whole graph, the E-I index of each of the 
groups and of every single country. 
 Results showed that hosting processes were driven by the 
tendency to establish relationships with similar Wikipedia 
versions, both in terms of language and geographical 
proximity. Figures 2 and 3 show the network of preferences 
highlighting geographical and linguistic groups. 
 
 

 
 

Table 5 - Language Similarity Groups. 

 
 Language. The E-Index of the whole Wikipedia network 
was 0.052. This indicates a substantial equilibrium between 
closure to intra-language relationships and openness to 
extra-language relationships. However, the observed E-I 
index was significantly lower than the value expected by 
chance (calculated with a permutation test with 5000 
iterations). In other words, while the absolute value of the 
index indicates a general balance between in-group and 
extra-group links, the permutation test shows that such intra 
group relationships were higher than what was expected by 
chance. This testifies to a tendency towards homophily. 
Considering the group level E-I index (Table 6), more 
homophily was present in number 2 (Romance languages) 

and 4 (Slavic languages), while the others were more open 
to external relationships.  
 
 

 
 

Table 6 – The individual E-I index for the inter-intra language 
relationships. Internal is the number of internal relationships 
within each of the group; external is the number of external 

relationships from a group to other groups. 

 
 Lastly, considering the individual E-I index, more 
homophily was present in oc (Occitan) with all the 
relationships being internal to the group. On the other hand, 
hu, uk, ml, and id showed complete openness to extra-group 
relationships, with 0 ties to the Wikipedia versions of their 
own group. 

 
 

 
Table 7 – The individual E-I index for the inter-intra 

geographical relationships.  
 

 Geographical proximity. In this case, the E-Index of the 
whole Wikipedia network was 0.121. This indicates a 
modest tendency towards openness to extra-group 
relationships. However, as in the previous case, the 
observed E-I index was significantly lower than the value 
that could be expected by chance. The permutation test 
showed that such intra-group relationships were more 
frequent than what was expected by chance, thus indicating 
a tendency towards homophily. Considering the group level 
E-I index (Table 7), more homophily was present in 
numbers 2 (Southern Europe), 4 (Eastern Europe) and 5 
(Asia), while the others were more open to external 
relationships. 

ID Group Components 

1 Ugro-Finnish hu, fi, et 

2 Romance la, it, es, fr, pt, oc, ca, gl, ro, an 

3 Germanic en, de, af, da, is, nl, no, sv 

4 Slavic ru, sl, sk, cs, pl, bs, hr, lt, lv, be, bg, sr, uk 

5 Turkish  az, tr,  

6 Indo-Persian fa, ur, hi 

7 Afro-Asiatic ar, he 

8 Malay-Indo id, ml, ms 

9 Isolated sq, th, ml, ka, ko, ja, eu, el, hy, vi, ja, zh 

Group Internal External Total E-I 
1 2 24 26 0.846 
2 48 82 130 0.262 
3 38 85 123 0.382 
4 46 75 121 0.24 
5 38 97 135 0.437 
6 2 19 21 0.81 
7 6 36 42 0.714 
8 2 43 45 0.911 
9 0 17 17 1 

Group Internal External Total E-I 
1 28 103 131 0.573 
2 80 114 194 0.175 
3 2 25 27 0.852 
4 40 77 117 0.316 
5 40 61 101 0.208 
6 14 70 84 0.667 
7 0 6 6 1 
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Wikipedia vs Literature Experts 
In the previous section we have shown how articles are not 
replicated uniformly across Wikipedia versions, but rather 
are included in each version according to strong preference 
mechanisms. As a consequence, editors in each Wikipedia 
community implicitly assign to each set of authors �� (and 
the corresponding literature) a different level of importance 
measured by the number of articles in �� that are present 
in their Wikipedia version. For instance, Table 8 shows the 
top 10 set of authors according to the Finnish Wikipedia 
��� and the Turkish Wikipedia ���. It is evident how each 
Wikipedia version expresses its own point of view. In the 
case of these two Wikipedia versions, they both their own 
authors put at top position, evidence of a local focus in ac-
cordance with the findings of the previous section, but they 
also have 8 out of 10 sets of authors in common, even if 
their order and relative importance differ. The different size 
of each Wikipedia version does not affect our analysis, 
since we are interested in the preference order and the pro-
portion of articles assigned by each Wikipedia community 
to each set of authors. 
 
 

 
 

Table 8. Rank of the set of authors in the Finnish and Turkish 
Wikipedia versions 

 
 Not only does each of our 52 Wikipedia versions pro-
duce a different ranking of the sets of literary authors, but 
together they also induce a collective ranking, expressing 
the importance of each set of authors in the entire Wikipe-
dia. More precisely, given a set of authors ��, we can 
measure its influence�� ��  in Wikipedia as a whole by 
counting the total number of articles about authors in �� in 
all the 52 Wiki versions considered. Therefore � ��  is:  

� �� � � �

����

 

The resulting ranking is shown in Table 9. For instance, 
there are 38563 articles about Anglophone authors (set 
���� in the 52 Wikipedia considered. 

 It is no surprise that there are strongly dominant lan-
guages both in the individual and in the collective rankings. 
However, here we are interested in understanding to which 
degree these rankings could be considered to convene a fair 
point of view or they are mainly a collection of partial opin-
ions about the influence of group of literary authors. 
 

 
Table 9. The Global ranking of each set of Authors. 

 
 In the absence of an undisputable ground truth about the 
relative importance of world literatures, we suggest investi-
gating whether the user-generated Wiki ranks are associat-
ed with an expert-based rank. We therefore wonder if the 
resulting importance that each Wikipedia version assigns to 
each set of authors (and corresponding literature) is compa-
rable to some external expert-based ranking.  
 The aim of the experiment is ultimately to contrast two 
ways of generating knowledge: the open and collaborative 
user-generated Wiki model versus the opinion of a closed 
and selected group of domain experts. 
 In order to do investigate this, we collected a list of win-
ners of literary awards and expert-based rankings and we 
counted how many times each language is mentioned. Our 
selection criteria were the following: the literary award 
should be well-established, international – open to any lan-
guage – and assigned by a panel of experts. We considered 
the nationality of the winners of the 101 Nobel Prize in lit-
erature to date, the 23 winners of the Neustadt Literary 
Prize and the winners of the Golden Wreath of Struga 
Poetry Evenings (50 winners since 1966). We also 
considered the authors included in the list of the top 100 
most influential books prepared in 2002 by the Norwegian 
Book Club. The list was based on the opinion of more than 
100 authors from 54 countries, asked to nominate the ten 
books which have had the most decisive impact on the 
cultural history of the world, including authors from any 
epoch. By counting how many times a language is men-

Finnish Wikipedia   Turkish Wikipedia  
Author Set  Articles  Author Set  Articles 

fi 2338  tr 1662 
en 1222 en 565 
fr 458 fr 305 
de 333 de 245 
ru 249 es 126 
el 201 it 121 

la 188 ru 103 
es 186 el 97 
sv 161 ar 73 
it 158 la 70 

R   R   R   
1 en 38563 19 fa 2507 36 is 979 

2 fr 24525 20 ko 2044 37 ca 944 
3 de 19048 21 hr 1877 38 sq 926 
4 es 15937 22 no 1800 39 et 925 
5 it 11712 23 he 1683 40 lt 878 
6 la 8941 24 Fi 1639 41 bg 820 
7 ru 7871 25 sr 1529 42 az 800 

8 el 7289 26 hi 1507 43 hy 689 
9 da 5620 27 tr 1505 44 ka 684 
10 ja 4577 28 uk 1503 45 gl 521 
11 hu 3926 29 ro 1488 46 eu 424 
12 cs 3892 30 sl 1373 47 bs 421 
13 ar 3289 31 be 1303 48 vi 378 

14 pl 3114 32 sk 1058 49 id 370 
15 pt 3057 33 ur 1041 50 th 332 
16 nl 3045 34 oc 1040 51 af 263 
17 sv 2602 35 lv 1004 52 ml 255 
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tioned among the 284 list of awarded authors or books, we 
obtained an expert-based ranking of 32 languages (Table 
10). 
 In order to answer our question we simply need to study 
the association between the list generated by each Wikipe-
dia version and the expert-based list. We have available not 
only the ranking of each set of authors in each Wiki, but 
also a numerical measure of how important each literature 
is in that Wiki. Since there are significant gaps between the 
value of � ��  for some set of authors, we suggest to study 
the Pearson correlation between lists.  

 

 
Table 10. Number of mentions (column �) for each language in 

a set of expert-based ranks.  

 
 Each Wikipedia version �� identifies a sequence � � �� 
over the ordered list of set of authors �, that a given set of 
authors �� � � returns the number of articles of authors in 
�� present in ��. The Global Wikipedia rank represents an 
additional list called ����. The expert-based rank defines 
another continuous variable called �, where a value of 0 is 
given to all the author sets with no mention in the award list 
of Table 9. We study the correlation between � and the 52 
individual Wikipedia ranks, and between � and the global 
rank ����. We also tested the significance of the person co-
efficient ��with �=50. 
 Results of our correlation analysis illustrate a clear pic-
ture. First, the individual Wikipedia shows a good correla-
tion with the expert-based rank. 25 out of 52 Wikis are cor-
related at a 0.99 significance level, 8 at 0.95 level and a fur-
ther 4 at 0.9, meaning that 37 out of 52 Wikipedia versions 
generate a rank of world literature comparable to that of the 
experts. The remaining 15 Wikipedia versions that do not 
correlate with the experts, do not conflict with them (only 
one marginally negative correlation value was found). The 
set includes only three major Wiki versions, namely the 
Japanese, the Danish and the Hungarian – for which we 
have identified a strong presence of local articles – and mi-
nor Wikipedias distributed across Europe, Asia and the 
Middle East. Despite a strong preference for its own local 
authors, the majority of Wikipedia versions still correlate 
with an expert-based ranking. The English Wikipedia has 

the highest correlation among the major versions, positive 
evidence of its quality and global status. 

 

 
Table 11. Pearson’s correlation coefficient � between    Wikipedia 

Versions and the Experts 

 However, the most striking result is the fact that the col-
lective Wikipedia ranking ���� has the highest correlation 
coefficient, (� � ���). Wikipedia exhibits a strong Wisdom 
of the Crowds (Surowiecki 2005) where the collective rank-
ing of all its versions seems to correct their individual bias-
es and generate a list that not only is almost identical to an 
expert-based one, but that also outperforms all of its com-
ponents. The linear regression model ���� � �� � � (Ta-
ble 11) showed how one award mention for a language � 
increments by 615 the total number of articles about au-
thors in �� in the 52 Wikipedia versions considered. 
 

 
Table 12. Linear regression ���� � �� � �  

Conclusions 
This paper investigated the diffusion of around 100,000 ar-
ticles among 52 Wikipedia versions. We studied how Wiki 
versions replicate articles of authors belonging to a particu-
lar linguistic group and we collected several findings about 
the potential mechanisms governing the replication process 
and its fairness. Results showed that diffusion of articles 
follows a power law, governed by strong preferences 
among versions, with a high number of isolated articles. 
We found that the English Wiki has a prominent role, but 
also the major European languages had a considerable 
influence.We also found an important global consensus on 

Author Set 
  

Author 
Set   

Author 
Set   

1. En 63 12. ar 4 23. fi 2 
2. Fr 34 13. la 3 24. sr 2 
3. De 25 14. ja 3 25. tr 2 
4. Es 24 15. no 3 26. hr 2 
5. Ru 19 16. da 2 27. ro 2 
6. It 15 17. hu 2 28. oc 1 
7. Sv 11 18. hi 2 29. ko 1 
8. El 8 19. is 2 30. sl 1 
9. Pl 8 20. fa 2 31. bg 1 
10. Pt 7 21. he 2 32. sq 1 
11. Zh 6 22. cs 2   

Wiki  Wiki  Wiki  
 0.896 *** pl  0.462 *** ml  0.259* 

he  0.771 *** ar  0.418 *** be  0.231* 
en   0.741 *** it  0.406 *** tr  0.221 
pt  0.729 *** zh  0.39 *** sr  0.193 
eu  0.683 *** nl  0.386 *** uk  0.173 
la  0.654 *** bs  0.382 *** sl  0.154 
fa  0.648 *** is  0.381 *** ja  0.152 
ro  0.647 *** bg  0.372 *** hi  0.136 
de  0.629 *** gl  0.351 ** da  0.129 
ru  0.591 *** ka  0.347** hr  0.109 
ca  0.589 *** et  0.345** th  0.107 
fr  0.584 *** ko  0.335** lt  0.077 
oc  0.567 *** fi  0.327** hu  0.055 
id  0.535 *** vi  0.32** az  0.055 
no  0.527 *** sk  0.302** sq  0.009 
sv  0.492 *** hy  0.288** ur  -0.003 
af  0.478 *** cs  0.285*   
es  0.471 *** el  0.269*   

Coefficients Estimate Std. Error t-value p-value 
 615.26 0. 02143 28.707 < 2e-16 *** 

 709.29 0. 25649 2.765 0.00794 ** 
Multiple R-squared:  0.9428, Adjusted R-squared:  0.9417 
F-statistic: 824.1 on 1 and 50 DF,  p-value: < 2.2e-16 
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classical authors. Latin and Greek authors are in the top ten 
most replicated set of authors. As shown in Table 4, 50 out 
of 51 Wikipedias replicate Latin and Greek authors more 
than expected, and they have the highest value of ��.We 
then identified presence of homophilous groups. Our results 
show that linguistic groups and geographical proximity are 
significantly correlated with the index of diffusion among 
Wikipedia versions. Finally, despite the presence of prefer-
ence mechanisms, we show how the relative importance 
that each Wikipedia assigns to the set of authors of each 
language is significantly correlated with an expert-based 
ranking. However, we believe our main contribution is to 
have shown how Wikipedia exhibits a solid Wisdom of 
Crowds effect, with the collective ranking of all the Wik-
ipedia versions showing a correlation with the experts 
higher than any individual Wikipedia version, with a value 
for Pearson's’ r of about 0.9.  
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Abstract
Traditional disease surveillance systems suffer from
several disadvantages, including reporting lags and an-
tiquated technology, that have caused a movement to-
wards internet-based disease surveillance systems. In-
ternet systems are particularly attractive for disease out-
breaks because they can provide data in near real-time
and can be verified by individuals around the globe.
However, most existing systems have focused on dis-
ease monitoring and do not provide a data repository for
policy makers or researchers. In order to fill this gap, we
analyzed Wikipedia article content.
We demonstrate how a named-entity recognizer can be
trained to tag case counts, death counts, and hospital-
ization counts in the article narrative that achieves an
F1 score of 0.753. We also show, using the the 2014
West African Ebola virus disease epidemic article as a
case study, that there are detailed time series data that
are consistently updated that closely align with ground
truth data.
We argue that Wikipedia can be used to create the first
community-driven open-source emerging disease detec-
tion, monitoring, and repository system.

Introduction
Most traditional disease surveillance systems rely on data
from patient visits or lab records (Losos 1996; Burkhead and
Maylahn 2000; Adams et al. 2013). These systems, while
generally recognized to contain accurate information, rely
on a hierarchy of public health systems that causes report-
ing lags of up to 1–2 weeks in many cases (Burkhead and
Maylahn 2000). Additionally, many regions of the world
lack the infrastructure necessary for these systems to pro-
duce reliable and trustworthy data. Recently, in an effort
to overcome these issues, timely global approaches to dis-
ease surveillance have been devised using internet-based
data. Data sources such as search engine queries (e.g., (Pol-
green et al. 2008; Ginsberg et al. 2009)), Twitter (e.g., (Cu-
lotta 2010; Aramaki, Maskawa, and Morita 2011; Paul and
Dredze 2011; Signorini, Segre, and Polgreen 2011)), and
Wikipedia access logs (e.g., (McIver and Brownstein 2014;
Generous et al. 2014)) have been shown to be effective in
this arena.
Copyright c© 2015, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

A notably different internet-based disease surveillance
tool is HealthMap (Freifeld et al. 2008). HealthMap an-
alyzes, in real-time, data from a variety of sources (e.g.,
ProMED-mail (Madoff 2004), Google News, the World
Health Organization) in order to allow simple querying, fil-
tering, and visualization of outbreaks past and present. Dur-
ing emerging outbreaks, HealthMap is often used to under-
stand the current state (e.g., incidence and death counts, out-
break locations). For example, HealthMap was able to detect
the 2014 Ebola epidemic nine days before the World Health
Organization (WHO) officially announced it (Greenemeier
2014).

While HealthMap has certainly been influential in the dig-
ital disease detection sphere, it has some drawbacks. First
and foremost, it runs on source code that is not open and
relies on certain data sources that are not freely available
in their entirety (e.g., Moreover Newsdesk1). Some argue
that there is a genuine need for open source code and open
data in order to validate, replicate, and improve existing sys-
tems (Generous et al. 2014). They argue that while certain
closed source services, such as HealthMap and Google Flu
Trends (Ginsberg et al. 2009), are popular and useful to the
public, there is no way for the public to contribute to the
service or continue the service, should the owners decide to
shut it down. For example, Google offers a companion site to
Google Flu Trends, Google Dengue Trends2. However, since
Google’s source code and data are closed, it is not possible
for anyone outside of Google to create similar systems for
other diseases, e.g., Google Ebola Trends. Additionally, it is
not possible for anyone outside of the HealthMap develop-
ment team to add new features or data sources to HealthMap.
For these reasons, Generous et al. argue for the use of Wiki-
pedia access logs coupled with open source code for digital
disease surveillance.

Much richer Wikipedia data are available, however, than
just access logs. The entire Wikipedia article content and
edit histories are available, complete with edit history meta-
data (e.g., timestamps of edits and IP addresses of anony-
mous editors). A plethora of open media—audio, images,
and video—are also available.

Wikipedia has a history of being edited and used, in

1http://www.moreover.com/
2http://www.google.org/denguetrends/
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many cases, in near real-time during unfolding news events.
Keegan et al. have been particularly instrumental in under-
standing Wikipedia’s dynamics during unfolding breaking
news events, such as natural disasters and political conflicts
and scandals (Keegan, Gergle, and Contractor 2011; 2013;
Keegan 2013). They have provided insight into editor net-
works as well as editing activity during news events. Recog-
nizing that Wikipedia might offer useful disease data dur-
ing unfolding epidemiological events, this study presents
a novel use of Wikipedia article content and edit history
in which disease data (i.e., case, death, and hospitalization
counts) are elicited in a timely fashion.

We study two different aspects of Wikipedia content as it
relates to unfolding disease events:
1. Using standard natural language processing (NLP) tech-

niques, we demonstrate how to capture case counts, death
counts, and hospitalization counts from the article text.

2. Using the 2014 West African Ebola virus epidemic article
as a case study, we show there are valuable time series
data present in the tables found in certain articles.

We argue that Wikipedia data can not only be used for dis-
ease surveillance but also as a centralized repository system
for collecting disease-related data in near real-time.

Methods
Disease-related information can be found in a number of
places on Wikipedia. We demonstrate how two aspects of
Wikipedia article content (historical changes to article text
and tabular content) can be harvested for disease surveil-
lance purposes. We first show how a named-entity recog-
nizer can be trained to elicit “important” phrases from out-
break articles, and we then study the accuracy of tabular
time series data found in certain articles using the 2014 West
African Ebola epidemic as a case study.

Wikipedia data
Wikipedia is an open collaborative encyclopedia consist-
ing of approximately 30 million articles across 287 lan-
guages (Wikimedia Foundation 2014f; 2014g). The English
edition of Wikipedia is by far the largest and most active
edition; it alone contains approximately 4.7 million articles,
while the next largest Wikipedia edition (Swedish) contains
only 1.9 million articles (Wikimedia Foundation 2014g).
The textual content of the current revision of each English
Wikipedia article totals approximately 10 gigabytes (Wiki-
media Foundation 2014d).

One of Wikipedia’s primary attractions to researchers is
its openness. All of the historical article content, dating back
to Wikipedia’s inception in 2001, is available to anyone
free of charge. Wikipedia content can be acquired through
two means: a) Wikipedia’s official web API3 or b) down-
loadable database dumps4. Although the analysis in this
study could have been done offline using the download-
able database dumps, this option is in practice difficult, as
the database dumps containing all historical English article

3http://www.mediawiki.org/wiki/API:Main page
4http://dumps.wikimedia.org/enwiki/latest/

revisions are very large (multiple terabytes when uncom-
pressed) (Wikimedia Foundation 2014h). We therefore de-
cided to use Wikipedia’s web API, caching content when
appropriate.

Wikipedia contains many articles on specific disease out-
breaks and epidemics (e.g., the 2014 West Africa Ebola
epidemic5 and the 2012 Middle Eastern Respiratory Syn-
drome Coronavirus (MERS-CoV) outbreak6). We identified
two key aspects of Wikipedia disease outbreak articles that
can aid disease surveillance efforts: a) key phrases in the
article text and b) tabular content. Most outbreak articles
we surveyed contained: dates, locations, case counts, death
counts, case fatality rates, demographics, and hospitaliza-
tion counts in the text. These data are, in general, swiftly
updated as new data become available. Perhaps most impor-
tantly, sources are often provided so that external review can
occur. The following two excerpts came from the articles on
the 2012 MERS-CoV outbreak and 2014 Ebola epidemic,
respectively:

On 16 April 2014, Malaysia reported its first MERS-
COV related death.[34] The person was a 54 year-old
man who had traveled to Jeddah, Saudi Arabia, to-
gether with pilgrimage group composed of 18 people,
from 15–28 March 2014. He became ill by 4 April, and
sought remedy at a clinic in Johor on 7 April. He was
hospitalized by 9 April and died on 13 April.[35] (Wiki-
media Foundation 2014a)

On 31 March, the U.S. Centers for Disease Control
and Prevention (CDC) sent a five-person team to as-
sist Guinea’s Ministry of Health and the WHO to lead
an international response to the Ebola outbreak. On
that date, the WHO reported 112 suspected and con-
firmed cases including 70 deaths. Two cases were re-
ported from Liberia of people who had recently trav-
eled to Guinea, and suspected cases in Liberia and
Sierra Leone were being investigated.[24] On 30 April,
Guinea’s Ministry of Health reported 221 suspected
and confirmed cases including 146 deaths. The cases
included 25 health care workers with 16 deaths. By
late May, the outbreak had spread to Conakry, Guinea’s
capital, a city of about two million inhabitants.[24] On
28 May, the total cases reported had reached 281 with
186 deaths.[24] (Wikimedia Foundation 2014b)

Although most outbreak articles contain content similar
to the above examples, not all outbreak articles on Wiki-
pedia contain tabular data. The tabular data that do exist,
though, are often consistently updated. For example, Fig-
ure 1 presents a screenshot of a table taken from the 2014
Ebola epidemic article. This table contains case counts and
death counts for all regions of the world affected by the epi-
demic, complete with references for the source data. The
time granularity is irregular, but updated counts are consis-
tently provided every 2–5 days.

5http://en.wikipedia.org/wiki/Ebola virus epidemic in West
Africa

6http://en.wikipedia.org/wiki/2012 Middle East respiratory
syndrome coronavirus outbreak
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Figure 1: Table containing updated worldwide Ebola case
counts and death counts. This is a screenshot taken directly
from the 2014 Ebola epidemic Wikipedia article (Wikimedia
Foundation 2014b). Time granularity is irregular but is in
general every 2–5 days. References are also provided for all
data points.

While there are certainly other aspects of Wikipedia ar-
ticle content that can be leveraged for disease surveillance
purposes, these are the two we focus on in this study. The
following sections detail the data extraction methods we use.

Named-entity recognition
In order to recognize certain key phrases in the Wikipedia ar-
ticle narrative, we trained a named-entity recognizer (NER).
Named-entity recognition is a task commonly used in nat-
ural language processing (NLP) to identify and categorize
certain key phrases in text (e.g., names, locations, dates, or-
ganizations). NERs are sequence labelers; that is, they label
sequences of words. Consider the following example (Wiki-
media Foundation 2014e):

Jim bought 300 shares of Acme Corp. in 2006.
Entities in this example could be named as follows:

[Jim]PERSON bought 300 shares of [Acme
Corp.]ORGANIZATION in [2006]TIME.
This study specifically uses Stanford’s NER (Finkel,

Grenager, and Manning 2005)7. The Stanford NER is
an implementation of a conditional random field (CRF)
model (Sutton 2011). CRFs are probabilistic statistical mod-
els that are the discriminative analog of hidden Markov
models (HMMs). Generative models, such as HMMs, learn
the joint probability p(x, y), while discriminative models,
such as CRFs, learn the conditional probability p(y | x).
In practice, this means that generative models like HMMs
classify by modeling the actual distribution of each class,
while discriminative models like CRFs classify by modeling
the boundaries between classes. In most cases, discrimina-
tive models outperform generative models (Ng and Jordan
2002).

7http://nlp.stanford.edu/software/CRF-NER.shtml

While Stanford’s NER includes models capable of
recognizing common named entities, such as PERSON,
ORGANIZATION, and LOCATION, it also provides the ca-
pability for us to train our own model so that we can capture
new types of named entities we are interested in. For this
specific task, we were interested in automatically identify-
ing three entity types: a) DEATHS b) INFECTIONS, and
c) HOSPITALIZATIONS. Our trained model should there-
fore be able to automatically tag phrases that correspond to
these three entities in the text documents it receives as input.

NERs possess the ability to learn and generalize in order
to identify unseen phrase patterns. Since the classifier is de-
pendent on the features we provide to it (e.g., words, part
of speech tags), it should hopefully generalize well for the
unseen instances. A more simplistic pattern-matching ap-
proach, such as regular expressions, is not practical due to
inherent variation. For example, the following phrases from
our dataset all contain INFECTIONS entities:
1. . . . a total of 17 patients with confirmed H7N9 virus in-

fection . . .
2. . . . there were only sixty-five cases and four deaths . . .
3. . . . more than 16,000 cases were being treated . . .
Example 1 has the pattern [number] patients, while
examples 2 and 3 follow the pattern [number] cases.
However, example 2 spells out the number, while example
3 provides the numeral. A simple regular expression cannot
capture the variability found in our dataset; we would need
to define dozens of regular expressions for each entity type,
and rigidity of regular expressions would limit the likelihood
that we would be able to identify entities in new unseen pat-
terns.

A number of steps were required to prepare the data for
annotation so that the NER could be trained:
1. We first queried Wikipedia’s API in order to get the com-

plete revision history for the articles used in our training
set.

2. We cleaned each revision by stripping all MediaWiki
markup from the text, as well as removing tables.

3. We computed the diff (i.e., textual changes) between suc-
cessive pairs of articles. This provided lines deleted and
added between the two article revisions. We retained a list
of all the line additions across all article revisions.

4. Many lines in this resulting list were similar to one an-
other (e.g., “There are 45 new cases.” → “There are
56 new cases.”). For the purposes of training the NER,
it is not necessary to retain highly similar or identical
lines. We therefore split each line into sentences and re-
moved similar sentences by computing the Jaccard sim-
ilarity between each sentence using trigrams as the con-
stituent parts in the Jaccard equation. The Jaccard simi-
larity equation for measuring the similarity between two
sets A and B, defined as J(A,B) = |A∩B|

|A∪B| , is commonly
used for near-duplicate detection (Manning, Raghavan,
and Schütze 2009). We only kept sentences for which the
similarity with all the distinct sentences retained so far
was no greater than 0.75.
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5. We split each line into tokens in order to create a tab-
separated value file that is compatible with Stanford’s
NER.

6. Finally, we used Stanford’s part-of-speech (POS) tag-
ger (Toutanova et al. 2003)8 to add a POS feature to each
token.

In order to train the NER, we annotated a dataset derived
from the following 14 Wikipedia articles generated accord-
ing to the above methodology: a) Ebola virus epidemic in
West Africa9, b) Haiti cholera outbreak10, c) 2012 Middle
East respiratory syndrome coronavirus outbreak11, d) New
England Compounding Center meningitis outbreak12, e) In-
fluenza A virus subtype H7N913, f) 2013–14 chikungunya
outbreak14, g) Chikungunya outbreaks15, h) Dengue fever
outbreaks16, i) 2013 dengue outbreak in Singapore17, j) 2011
dengue outbreak in Pakistan18, k) 2009–10 West African
meningitis outbreak19, l) Mumps outbreaks in the 21st cen-
tury20, m) Zimbabwean cholera outbreak21, and n) 2006
dengue outbreak in India22. The entire cleaned and anno-
tated dataset contained approximately 55,000 tokens. The
inside-outside-beginning (IOB) scheme, popularized in part
by the CoNLL-2003 shared task on language-independent
named-entity recognition (Tjong Kim Sang and De Meulder
2003), was used to tag each token. The IOB scheme offers
the ability to tie together sequences of tokens that make up
an entity.

The annotation task was split between two annotators (the
first and second authors). In order to tune inter-annotator
agreement, the annotators each annotated three sets of 5,000
tokens. After each set of annotations, differences were iden-
tified, and clarifications to the annotation rules were made.
The third set resulted in a Cohen’s kappa coefficient of
0.937, indicating high agreement between the annotators.

8http://nlp.stanford.edu/software/tagger.shtml
9http://en.wikipedia.org/wiki/Ebola virus epidemic in West

Africa
10http://en.wikipedia.org/wiki/Haiti cholera outbreak
11http://en.wikipedia.org/wiki/2012 Middle East respiratory

syndrome coronavirus outbreak
12http://en.wikipedia.org/wiki/New England Compounding

Center meningitis outbreak
13http://en.wikipedia.org/wiki/Influenza A virus subtype

H7N9
14http://en.wikipedia.org/wiki/2013%E2%80%9314

chikungunya outbreak
15http://en.wikipedia.org/wiki/Chikungunya outbreaks
16http://en.wikipedia.org/wiki/Dengue fever outbreaks
17http://en.wikipedia.org/wiki/2013 dengue outbreak in

Singapore
18http://en.wikipedia.org/wiki/2011 dengue outbreak in

Pakistan
19http://en.wikipedia.org/wiki/2009%E2%80%9310 West

African meningitis outbreak
20http://en.wikipedia.org/wiki/Mumps outbreaks in the 21st

century
21http://en.wikipedia.org/wiki/Zimbabwean cholera outbreak
22http://en.wikipedia.org/wiki/2006 dengue outbreak in India

Tabular data
To understand the viability of tabular data in Wikipedia, we
concentrate on the Ebola virus epidemic in West Africa ar-
ticle23. We chose this article for two reasons. First, the epi-
demic is still unfolding, which makes it a concern for epi-
demiologists worldwide. Second, the epidemiological com-
munity has consistently updated the article as new develop-
ments are publicized. Ideally, we would analyze all disease
articles that contain tabular data, but the technical challenges
surrounding parsing the constantly changing data leave this
as future work.

Ebola is a rare but deadly virus that first appeared in 1976
simultaneously in two different remote villages in Africa.
Outbreaks of Ebola virus disease (EVD), previously known
as Ebola hemorrhagic fever (EHF), are sporadic and gener-
ally short-lived. The average case fatality rate is 50%, but
it has varied between 25% and 90% in previous outbreaks.
EVD is transmitted to humans from animals (most com-
monly, bats, apes, and monkeys) and also from other humans
through direct contact with blood and body fluids. Signs and
symptoms appear within 2–21 days of exposure (average 8–
10 days) and include fever, severe headache, muscle pain,
weakness, diarrhea, vomiting, abdominal pain, and unex-
plained bleeding or bruising. Although there is currently no
known cure, treatment in the form of aggressive rehydration
seems to improve survival rates (World Health Organization
2014a; Centers for Disease Control and Prevention 2014).

The West African EVD epidemic was officially an-
nounced by the WHO on March 25, 2014 (World Health
Organization 2014b). The disease spread rapidly and has
proven difficult to contain in several regions of Africa. At
the time of this writing, it has spread to 7 different countries
(including two outside of Africa): Guinea, Liberia, Sierra
Leone, Nigeria, Senegal, United States, and Spain.

The Wikipedia article was created on March 29, 2014,
four days after the WHO announced the epidemic (Wiki-
media Foundation 2014c). As seen in Figure 1, this article
contains detailed tables of case counts and death counts by
country. The article is regularly updated by the Wikipedia
community (see Figure 2); over the 165-day period ana-
lyzed, the article averaged approximately 31 revisions per
day.

We parsed the Ebola article’s tables in several steps:

1. We first queried Wikipedia’s API to get the complete re-
vision history for the West African EVD epidemic article.
Our initial dataset contained 5,137 revisions from March
29, 2014 to October 14, 2014.

2. We then parsed each revision to pull out case count and
death count time series for each revision. To parse the
tables, we first used pandoc24 to convert the MediaWiki
markup to consistently formatted HTML and then used
BeautifulSoup25 to parse the HTML. Because the Wiki-
pedia time series contain a number of missing data points

23http://en.wikipedia.org/wiki/Ebola virus epidemic in West
Africa

24http://johnmacfarlane.net/pandoc/
25http://www.crummy.com/software/BeautifulSoup/
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Figure 2: The number of revisions made each day to the
2014 Ebola virus epidemic in West Africa Wikipedia ar-
ticle (http://en.wikipedia.org/wiki/Ebola virus epidemic in
West Africa). A total of 5,137 revisions were made over the
165-day period analyzed.

prior to June 30, 2014, we use this date for the beginning
of our analysis; time series data prior to June 30, 2014
are not used in this study. This resulting dataset contained
3,803 time series.

3. As Figure 1 shows, there are non-regular gaps in the
Wikipedia time series; these gaps range from 2–5 days.
We used linear interpolation to fill in missing data points
where necessary so that we have daily time series. Daily
time series data simplify comparisons with ground truth
data (described later).

4. Recognizing that the tables will not necessarily change
between article revisions (i.e., an article revision might
contain edits to only the text of the article, not to a table
in the article), we then removed identical time series. This
final dataset contained 39 time series.

Results
Named-entity recognition
To test the classifier’s performance, we averaged precision,
recall, and F1 score results from 10-fold cross-validation.
Table 1 demonstrates a typical confusion matrix used to
bin cross-validation results, which are then used to compute
precision, recall, and the F1 score. Precision asks, “Out of
all the examples the classifier labeled, what fraction were
correct?” and is computed as TP

TP+FP . Recall asks, “Out of
all labeled examples, what fraction did the classifier recog-
nize?” and is computed as TP

TP+FN . The F1 score is the har-
monic mean of precision and recall: 2 · precision·recall

precision+recall . All
three scores range from 0 to 1, where 0 is the worst score
possible and 1 is the best score possible.

Table 2 shows these results as we varied the
maxNGramLeng option (Stanford’s default value is
6). The maxNGramLeng option determines sequence
length when training. We were somewhat surprised to

Table 1: Typical classifier confusion matrix.

Ground truth positive Ground truth negative
Test positive True positive (TP) False positive (FP)
Test negative False negative (FN) True negative (TN)

Table 2: Classifier performance determined from 10-fold
cross-validation.

maxNGramLeng Precision Recall F1 score
1 0.820 0.693 0.747
2 0.810 0.690 0.740
3 0.815 0.702 0.750
4 0.814 0.709 0.753
5 0.813 0.709 0.753
6 0.812 0.710 0.753
7 0.812 0.706 0.751
8 0.814 0.708 0.753
9 0.815 0.707 0.753
10 0.815 0.708 0.753
11 0.813 0.708 0.753
12 0.811 0.709 0.752

discover that larger maxNGramLeng values did not
improve the performance of the classifier, indicating that
more training data are likely necessary to further improve
the classifier. Furthermore, roughly maximal performance
is achieved with maxNGramLeng = 4; there is no tangible
benefit to larger sequences (despite this, we concentrate
on the maxNGramLeng = 6 case since it is the default).
Our 14-article training set achieved precision of 0.812
and recall of 0.710, giving us an F1 score of 0.753 for
maxNGramLeng = 6.

For maxNGramLeng = 6, Table 3 shows the aver-
age precision, recall, and F1 scores for each of the
named entities we annotated (DEATHS, INFECTIONS,
and HOSPITALIZATIONS). There were a to-
tal of 264 DEATHS, 633 INFECTIONS, and 16
HOSPITALIZATIONS entities annotated across the
entire training dataset. Recall that we used the IOB scheme
for annotating sequences; this is reflected in Table 3, with
B-* indicating the beginning of a sequence and I-*
indicating the inside of a sequence. It is generally the
case that identifying the beginning of a sequence is easier
than identifying all of the inside words of a sequence; the
only exception to this is HOSPITALIZATIONS, but we
speculate that the identical beginning and inside results for
this entity are due to the relatively small sample size.

Tabular data
To compute the accuracy of the Wikipedia West African
EVD epidemic time series, we used Caitlin Rivers’ crowd-
sourced Ebola data26. Her country-level data come from of-
ficial WHO data and reports. As with the Wikipedia time
series, we used linear interpolation to fill in missing data
where necessary so that the ground truth data are specified

26https://github.com/cmrivers/ebola
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Table 3: Classifier performance for each of the entities we
used in our annotations.

Named entity Precision Recall F1 score
B-Deaths 0.888 0.744 0.802
I-Deaths 0.821 0.730 0.764
B-Infections 0.812 0.719 0.756
I-Infections 0.762 0.714 0.730
B-Hospitalizations 0.933 0.833 0.853
I-Hospitalizations 0.933 0.833 0.853

daily; this ensured that the Wikipedia and ground truth time
series were specified at the same granularity. Note that time
granularity of the WHO-based ground truth dataset is gen-
erally finer than the Wikipedia data; the gaps in the ground
truth time series were not the same as those in the Wikipedia
time series. In many cases, the ground truth data were up-
dated every 1–2 days.

We compared the 39 Wikipedia epidemic time series to
the ground truth data by computing the root-mean-square er-
ror (RMSE). We use the RMSE rather than the mean-square
error (MSE) because the testing and ground truth time series
both have the same units (cases or deaths); when they have
the same units, the computed RMSE also has the same unit,
which makes it easily interpretable. The RMSE,

RMSE =

√√√√ 1

n
·

n∑
i=1

(Ŷi − Yi)2, (1)

computes the average number of cases or deaths differ-
ence between a Wikipedia epidemic time series (Ŷ ) and the
ground truth time series (Y ). Figure 3 shows how the case
time series and death time series RMSE changes with each
table revision for each country. Of particular interest is the
large spike in Figure 3a on July 8, 2014 in Liberia and Sierra
Leone. Shortly after the 6:27pm spike, an edit from a differ-
ent user at 8:16pm the same day with edit summary “correct
numbers in wrong country columns” corrected the error.

The average RMSE values for each country’s time series
are listed in Table 4. Even in the worst case, the average de-
viation between the Wikipedia time series and the ground
truth is approximately 19 cases and 12 deaths. Considering
the magnitude of the number of cases (e.g., approximately
1,500 in Liberia and 3,500 in Sierra Leone during the time
period considered) and deaths (e.g., approximately 850 in
Liberia and 1,200 in Sierra Leone), the Wikipedia time se-
ries are generally within 1–2% of the ground truth data.

Conclusions
Internet data are becoming increasingly important for dis-
ease surveillance because they address some of the exist-
ing challenges, such as the reporting lags inherent in tradi-
tional disease surveillance data, and they can also be used
to detect and monitor emerging diseases. Additionally, in-
ternet data can simplify global disease data collection. Col-
lecting disease data is a formidable task that often requires
browsing websites written in an unfamiliar language, and
data are specified in a number of formats ranging from
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Figure 3: Root-mean-square error (RMSE) values for the
cases and deaths time series are shown for each revision
where the tables changed. The RMSE spikes on July 8, 2014
(Liberia and Sierra Leone) and August 20, 2014 (Liberia) in
3a were due to Wikipedia contributor errors and were fixed
shortly after they were made. Most RMSE spikes are quickly
followed by a decrease; this is due to updated WHO data or
contributor error detection.

Table 4: Average cases and deaths RMSE across all table
revisions.

Country Mean Cases RMSE Mean Deaths RMSE
Guinea 3.790 2.701
Liberia 18.168 11.983
Nigeria 0.310 0.189
Senegal 0.403 0.008
Sierra Leone 18.847 12.015
Spain 18.243 0.050
United States 0.174 0.000
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well-formed spreadsheets to unparseable PDF files contain-
ing low resolution images of tables. Although several pop-
ular internet-based systems exist to help overcome some
of these traditional disease surveillance system weaknesses,
most notably HealthMap (Freifeld et al. 2008) and Google
Flu Trends (Ginsberg et al. 2009), no such system exists that
relies solely on open data and runs using 100% open source
code.

Previous work explored Wikipedia access logs to tackle
some of the disadvantages traditional disease surveillance
systems face (McIver and Brownstein 2014; Generous et al.
2014). This study explores a new facet of Wikipedia: the
content of disease-related articles. We present methods on
how to elicit data that can potentially be used for near-real-
time disease surveillance purposes. We argue that in some
instances, Wikipedia may be viewed as a centralized crowd-
sourced data repository.

First, we demonstrate using a named-entity recognizer
(NER) how case counts, death counts, and hospitalization
counts can be tagged in the article narrative. Our NER,
trained on a dataset derived from 14 Wikipedia articles
on disease outbreaks/epidemics, achieved an F1 score of
0.753, evidence that this method is fully capable of recog-
nizing these entities in text. Second, we analyzed the qual-
ity of tabular data available in the 2014 West Africa Ebola
virus disease article. By computing the root-mean-square er-
ror (RMSE), we show that the Wikipedia time series very
closely align with WHO-based ground truth data.

There are many future directions for this work. First and
foremost, more training data are necessary for an operational
system in order to improve precision and recall. There are
many more disease- and outbreak-related Wikipedia articles
that can be annotated. Additionally, other open data sources,
such as ProMED-mail, might be used to enhance the model.
Second, a thorough analysis of the quality and correctness of
the entities tagged by the NER is needed. This study presents
the methods by which disease-related named entities can be
recognized, but we have not throughly studied the correct-
ness and timeliness of the data. Third, our analysis of tabu-
lar data consisted of a single article. A more rigorous study
looking at the quality of tabular data in more articles is nec-
essary. Finally, the work presented here considers only the
English Wikipedia. NERs are capable of tagging entities in
a variety of other languages; more work is needed to under-
stand the quality of data available in the 286 non-English
Wikipedias.

There are several limitations to this work. First, the
ground truth time series we used to compute RMSEs is
static, while the Wikipedia time series vary over time. Be-
cause the relatively recent static ground truth time series
may contain corrections for reporting errors made earlier
in the epidemic, the RMSE values may be artificially in-
flated in some instances. Second, we are ignoring the user-
provided edit summary. This edit summary provides infor-
mation about why the edit was made. The edit summary
identifies article vandalism (and subsequent vandalism re-
version) as well as content corrections and updates. Tak-
ing these edit summaries into account can further improve
model performance (e.g., processing edit summaries would

allow us to disregard the erroneous edit that caused the July
8, 2014 spike in Figure 3a).

Ultimately, we envision this work being incorporated into
a community-driven open-source emerging disease detec-
tion and monitoring system. Wikipedia access log time se-
ries gauge public interest and, in many cases, correlate very
well with disease incidence. A community-driven effort to
improve global disease surveillance data is imminent, and
Wikipedia can play a crucial role in realizing this need.
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Abstract

In this paper we analyze the distribution of interests in a large
population of Twitter users (the full set of 40 million users in
2009 and a sample of about 100 thousand New York users in
2014), as a function of gender. To model interests, we asso-
ciate ”topical” friends in users’ friendship lists (friends repre-
senting an interest rather than a social relation between peers)
with Wikipedia categories. A word-sense disambiguation al-
gorithm is used for selecting the appropriate wikipage for
each topical friend. Starting from the set of wikipages repre-
senting the population’s interests, we extract the sub-graph of
Wikipedia categories connected to these pages, and we then
prune cycles to induce a direct acyclic graph, that we call
Twixonomy. We use a novel method for reducing the compu-
tational requirements of cycle detection on very large graphs.
For any category at any generalization level in the Twixon-
omy, it is then possible to estimate the gender distribution of
Twitter users interested in that category. We analyze both the
population of ”celebrities”, i.e. male and female Twitter users
with an associated wikipage, and the population of ”peers”,
i.e. male and female users who follow celebrities.

1. Introduction
In this paper we present a method for extensively analyzing
the distribution of interests in Twitter according to gender.
Our work is related with two areas in social media analytics:
analysis of users’ interests and gender studies. Large-scale
studies of Twitter users across the world mainly report sim-
ple demographic statistics1 like gender, age and geographic
distribution, followers and following counts, etc. A consid-
erable number of works are aimed at modeling users’ inter-
ests for some specific purpose, like detecting trending top-
ics, i.e. topics that emerge and become popular in a specific
time slot. Trending topics are extracted to model users’ ex-
pertise (Wagner et al., 2012), to produce a recommendation
(Garcia and Amatriain, 2010; Kywe, Lim, and Zhu, 2012;
Lu, Lam, and Zhang, 2009)2, or to analyze general interests
(e.g. events) that are predominant in a given time span (Li et

Copyright c© 2015, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1http://www.beevolve.com/twitter-statistics
2The literature on interest-based user recommendation is very

vast and it would be impossible to survey it all. Refer to Kywe,
Lim, and Zhu (2012) for a survey.

al., 2010). The majority of these methods infer interests from
lexical information in tweets (bigrams, named entities or la-
tent topic models), a technique that may fall short in terms
of computational complexity when applied to large Twitter
populations, as shown in Stilo and Velardi (2014).

Only few studies investigated the characteristics of Twit-
ter users regardless of specific applications. In Kim et al.
(2010) it is shown that words extracted from Twitter lists
could represent latent characteristics of the users in the re-
spective lists. In Kapanipathi et al. (2014) named entities are
extracted from tweets, then, Wikipedia categories, named
primitive interests, are associated to each named entity. To
select a reduced number of higher-level categories, named
hierarchical interests, spreading of activation (Anderson,
1968) is used on the Wikipedia graph, where active nodes
are initially the set of primitive interests. Note that, despite
their name, hierarchical interests are not hierarchically or-
dered. Furthermore, as discussed later in this paper (Section
5), higher level categories in Wikipedia may be totally unre-
lated with some of the connected wikipages.

Similarly to us, Bhattacharya et al. (2014) try to infer
users interests at a large scale. Their system, named Who
Likes What, is the first system that can infer users’ interests
in Twitter at the scale of millions of users. First, the topi-
cal expertise of popular Twitter users is learned using a la-
tent model on Twitter lists in which such users actively par-
ticipate. Then, the interests of the users following through
the lists such expert users are transitively inferred. By do-
ing so, Who Likes What can infer the interests of around 30
millions users, covering 77% of the analyzed populations.
Evaluation is performed at a much smaller scale, by manu-
ally comparing extracted interests with those declared in a
number of users’ bio, and by using human feedback from
10 evaluators. The evaluators commented that the inferred
interests, even though useful, are sometimes too general: on
the other side, given the large and unstructured nature of the
extracted interests (over 36 thousand distinct topics), gener-
ating labels at the right level of granularity is not straightfor-
ward.

Concerning gender studies, research mainly concentrated
on gender profiling, i.e. automatically inferring a user’s gen-
der (Marquardt et al., 2014; Sap et al., 2014; Smith, 2014),
and on the analysis of gendered language online (Bamman,
Eisenstein, and Schnoebelen, 2014). An interesting work
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(Szell and Thurner, 2013) has been recently published in
which the authors analyze gender differences in the social
behavior of about 300,000 players of an online game. To the
best of our knowledge, no studies on users’ interests in so-
cial network by gender have been published so far, except
for a sociological analysis on women’s soccer Twitter audi-
ence (Cochea, 2014).

With respect to the analyzed bibliography, our main con-
tribution is the acquisition of a Twixonomy, a directed
acyclic graph (DAG) of Twitter users’ interests, inferred
from users’ friendship information of the entire Twitter pop-
ulation, and from Wikipedia. We prefer friendship rather
than textual features to model users’ interests, since, unless
we are addressing a specific community (like e.g. the mem-
bers of a political party, as in Colleoni, Rozza, and Arvids-
son (2014)), the number of inferred topics may quickly
grow, as in Bhattacharya et al. (2014) , and it is very hard
to make sense of them, or even to evaluate their quality.
Furthermore, textual features such as word clusters are tem-
porally unstable as compared to friendship and categorial
interests, as already shown in Myers and Leskovec (2014)
and Siehndel and Kawase (2012). In Barbieri, Manco, and
Bonchi (2014) the authors argue that users’ interests can
be implicitly represented by the authoritative users (named
hereafter topical users) they are linked to by means of friend-
ship relations. This information is available in users’ pro-
files, and does not require additional textual processing. Top-
ical friends are therefore both stable and readily accessible
indicators of a user’s interest. However, as a mean to system-
atically analyze interests in large networks, this information
is hardly interpretable and sparse, just like lexical features
and lists.

To obtain a hierarchical representation of interests, we
first associate a Wikipedia page with topical users in users’
friendship lists. We denote as topical users those for which
one such correspondence exists. This definition is slightly
different from that adopted in Barbieri, Manco, and Bonchi
(2014)3, however it seems equally intuitive.

In general many pages can be associated with a Twitter ac-
count name, therefore we use a word sense disambiguation
algorithm, as detailed later in this paper. Users can then be
directly (if they map to a wikipage) or indirectly (if they fol-
low a mapped user) linked to one or more Wikipedia pages
representing his/her primitive interests, (we use the same
terminology as in Bhattacharya et al. (2014)). Starting from
the set of wikipages representing the population’s interests,
we consider the Wikipedia category sub-graph G induced
from these pages, and we then remove cycles to obtain a di-
rect acyclic graph that we call Twixonomy. Efficient cycle
pruning on the very large graph G is performed using an it-
erative algorithm.

Since every node in the Twixonomy can be associated
with the set of Twitter users hierarchically linked to that
node via their primitive interests, our Twixonomy is help-
ful for a variety of tasks, such as hierarchically-tunable user
profiling, community detection in selectable domains, and

3in this paper topical users are identified according to the struc-
tural properties of the network

sociological analysis, like the study of gender interests by
category, which is the focus of this paper. In our gender
analysis we consider both celebrities (i.e. male and female
topical users4) and male and female common users.

The paper is organized as follows: In Section 2 we shortly
describe the datasets and tools used in this study, Section 3
presents the algorithm to create the Twixonomy, Section 4
is dedicated to a comparison with Who Likes What (Bhat-
tacharya et al., 2014) and Section 5 performs a study of gen-
der distribution across categories. Finally, Section 5 is dedi-
cated to concluding remarks and future work.

2. Data and resources
For our study we use the following resources:

• The Twitter 2009 network The authors in Kwak et al.
(2010) have crawled and released the entire Twitter net-
work as of July 2009. Since Twitter data are no longer
available to researches, this remains the largest available
snapshot of Twitter, with 41 million user profiles and 1.47
billion social relations. Even though things might have
changed in Twitter since 2009 - the number of users has
grown up to 500 millions - our purpose in this paper is
to demonstrate the efficiency of our algorithms on a very
large sample of users.

• The Twitter 2014 NewYork network On June 2014 we
crawled a sample of New York Twitter users starting from
a seed of 3800 users who tweeted more than 20 times in
New York5. With respect to the Twitter 2009 dataset, this
network is much smaller but highly connected.

• Babelfy Babelfy (Moro, Raganato, and Navigli, 2014) is
a graph-based word-sense disambiguation (WSD) algo-
rithm based on a loose identification of candidate mean-
ings coupled with a densest sub-graph heuristic which
selects high-coherence semantic interpretations. Babelfy
disambiguates all nominal and named entity mentions oc-
curring within a text, using the BabelNet semantic net-
work (Navigli and Ponzetto, 2012) a very large multilin-
gual knowledge base, obtained from the automatic inte-
gration of Wikipedia and WordNet. Babelfy has shown
to obtain state-of-the-art performances in standard WSD
benchmarks and challenges. Both BabelNet and Babelfy
are available online6 .

• The Wikipedia Graph We created the Wikipedia graph
from the Wikipedia dump in 2009 and 2014 (for co-
herence with the two Twitter population datasets). The
Wikipedia graph is the basis from which we infer the
Twixonomy for each of the two Twitter populations.

3. The Twixonomy
This Section describes the algorithm to obtain the Twixon-
omy starting from a Twitter population P. First, we extract

4several Twitter accounts correspond to organizations, places,
events and products rather than individuals

5the details of the geo-localization algorithm are omitted for the
sake of space and because they are outside the scope of the paper

6http://babelnet.org/, http://babelfy.org/
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Algorithm 1 Build Twixonomy
Input: F = twitter users followed by at least one member of the

initial Twitter population P
CG: top category hierarchy from Wikipedia

Output: a DAG taxonomy where:
• leaf nodes are twitter user mapped into wikipages , and the

remaining nodes are Wikipedia categories;
• edges are one of three kinds: <super-category , category>,

<category , wikipage>, <wikipage , Twitter ”topical”
user>

1: G = empty directed graph
2: for each twitter u:F do
3: u.senses = ∅;
4: u.profile = Twitter.getProfile(u);
5: senses = BabelNetSenses(u.profile.name);
6: if |senses|==1 then
7: u.senses = senses
8: else
9: target = u.profile.name;

10: context = {
u.profile.name,
u.profile.statusline,
u.profile.location

};
11: u.senses = Babelfy.getSenses(target,context);
12: end if
13: for each sense ∈ u.senses do
14: G.addEdge( sense , u.profile.screenName );
15: for each edge ∈ path(sense,CG) do
16: G.addEdge(edge);
17: end for
18: end for
19: end for
20: TWIXONOMY= removeCycles(G);
21: return TWIXONOMY;

from users’ profiles the set F of users followed by at least
one user in P. Note that the sets P and F are different, though
possibly overlapping: for Twitter 2009, since P is the com-
plete Twitter population, we have F ⊂ P and for the NY
population we have instead |F | � |P |. We generate the
Twixonomy from the set F, as explained in what follows,
with reference to the pseudo-code shown in Algorithm 1 and
Algorithm 2.

3.1 Identify topical nodes
For every user u ∈ F , the objective is to identify a cor-
responding wikipage in Wikipedia, if any. As we already
clarified, ”topical users” are those u for which one such
correspondence exists. Obtaining a correspondence between
a user screen name and a Wikipedia category e.g. @brit-
neyspears → Britney Spears, is not trivial for a number of
reasons. First, Twitter names do not straightly correspond
to Wikipedia page names, and secondly, many pages can
be associated to a named entity, for example: Britney (per-
son), Britney (album), Britney (Busted song), Britney (”For
the Record” documentary), etc. We perform joint name res-
olution and disambiguation (in case of multiple correspond-
ing nodes) using Babelfy (Moro, Raganato, and Navigli,
2014), which disambiguates a textual input against BabelNet

Algorithm Worst case
time complexity

Tiernan (1970) O(V V )
Tarjan (1972) O(V ∗ E ∗ C)
Johnson (1975) O((V + E) ∗ C)
J.L.Szwarcfiter and P.E.Lauer (1974) O(V + E ∗ C)

Table 1: Summary of the worst case time complexity of the
algorithms for finding cycles in directed graphs (C = num-
ber of cycles, V = number of nodes and E = number of
edges.

senses7. For any user and screen-name, e.g. @britneyspears,
we first retrieve from the corresponding Twitter profile the
fields name, line − status, and location, e.g. ”Britney
Spears”, ”Its Britney ...”, ”Los Angeles, CA”. Then, we re-
trieve all BabelNet senses associated to the name field (lines
4-5 of Algorithm 1) and, if there are multiple senses, we
submit to Babelfy the sentence generated by concatenating
these strings, e.g. ”Britney Spears It’s Britney . . . Los Ange-
les, CA”. Finally, we retrieve the disambiguated sense(s) that
Babelfy has associated to the string name. These steps are
shown in lines 5-12 of Algorithm 1. With reference to our
previous example, the sense Britney (person) is returned.
Note that in many cases there are no senses corresponding to
a Twitter name field, as expected, since most users in F are
common users. In some cases however a match would exist
but is missed, e.g @pinballwizard (i.e. pinball wizard, whose
name field is again the non splitted pinballwizard). To in-
crease the recall, we use a name splitting heuristics when no
BabelNet senses are retrieved from the name field (this step
is omitted in Algorithm 1 for the sake of brevity).

3.2 Build the Twixonomy
Let’s denote with T the set of wikipages associated with the
topical users in F: these represent the ”leaf nodes” 8 of the
Twixonomy. Note that, after disambiguation, there is one
leaf node (i.e. a wikipage) for each topical user in T. Fur-
thermore, every node t ∈ T is associated with the number
of users in P who follow t.

We then consider in the Wikipedia graph all the nodes that
can be reached starting from any t ∈ T and traversing the
graph up to one of the 22 Wikipedia top categories9, i.e. Art,
Agriculture, Concepts, etc (these steps are shown in lines
13-17 of Algorithm 1). The resulting graph G, even start-
ing from a relatively small population P (like the NY-Twitter
2014), is still very large (since T can be quite large), and fur-
thermore has a high number of cycles10, e.g. Economics lists
→ Business lists → Economics lists. To obtain a DAG (di-
rected acyclic graph), i.e. our final Twixonomy, we need to

7remember that BabelNet senses are mapped to Wikipedia
pages

8hereafter we define these nodes interchangeably as as topical
nodes, leaf nodes, or wikipages

9http://en.wikipedia.org/wiki/Category:Main topic
classifications

10http://en.wikipedia.org/wiki/Wikipedia:Dump reports/
Category cycles
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Algorithm 2 Remove Cycles
Input: a directed GRAPH G
Output: a DIRECTED ACYCLIC GRAPH (DAG)
1: while (V C = detectCycle(G)) <> ∅ do
2: G′ = G[V C] (vertex-induced subgraph of G)
3: cyc = getOneCycle(G′)
4: break the cycle cyc on G;
5: end while
6: return G

Twitter 2009 NY-Twitter 2014
#users (P) 40,171,624 101,362
#topical users (T) 1,787,909 736,929
Average ambiguity
of topical users be-
fore disambiguation

5.27 5.33

% of users described
by at least one topic

66% 99%

Table 2: Network statistics

remove cycles.
There are several algorithms for identifying simple cycles

in graphs, like those listed in Table 1 along with their worst
case complexity formulas. In practice, all these algorithms
have a high administrative cost in terms of time and memory,
therefore we defined an optimized iterative algorithm.

The procedure to remove cycles, based on topological
sorting (Kahn, 1962), is summarized in Algorithm 2. In
line 1, the detectCycle procedure is iteratively applied on
a graph G. Our procedure, based on Kahn’s topological or-
dering algorithm, returns the set of nodes VC in G belonging
to at least one cycle. This is obtained by ordering the nodes
of the directed graph G and identifying cases for which topo-
logical ordering is not possible because there is a cycle. This
step has a complexity of O(V +E) (Kahn, 1962). Then (line
2) we consider the vertex-induced subgraph G’ of the set
VC, and we apply the getOneCycle procedure. This proce-
dure, again based on topological ordering, returns the first
encountered cycle in G’, which is subsequently broken in G
(lines 3-4). Steps 1-4 are iterated on the reduced graph, until
no more cycles are found. Overall, the worst case complex-
ity is O((V + E) ∗ C), where C is the number of cycles in
G.

Even though the worst case complexity of Algorithm 2
is the same as for Johnson’s algorithm (see Table 1 ), an
optimized use of computational resources derives from the
fact that in general G′ � G, and that topological ordering
has reduced memory requirements with respect to ”classi-
cal” cycle detection algorithms. In practice, on the very large
Wikipedia graph obtained when starting from the Twitter
2009 population, the algorithm was able to remove all cy-
cles in 12 hours, while the algorithms in Table 1 either sat-
urated the memory or could not return a solution after six
days, using a mid-high level desktop computer.

Table 2 shows some network statistics. In the Twitter 2009
dataset, we identified 1,8 million topical users and in the NY-
Twitter 2014 dataset over 700 thousand topical users, even

Twitter 2009 NY-Twitter 2014
#nodes in G before
pruning

3,146,851 1,542,924

#links in G before
pruning

5,628,750 3,397,353

#nodes in pruned
Twixonomy

2,195,441 1,038,205

#links in pruned
Twixonomy

3,202,959 1,863,286

Max depth of
Twixonomy

15 15

Table 3: Twixonomy statistics
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Figure 1: Coverage as a function of the number of detected
topics per user (Twitter 2009 and NY-Twitter 2014)

though the initial population P is two orders of magnitude
smaller than for Twitter 2009. Figure 1 shows the cover-
age of the Twitter 2009 and NY-Twitter 2014 populations
as a function of the number of expressed interests. The two
populations are rather different in this respect: in the 2009
dataset 66% of the population P is described by at least one
topic (and related categories), while e.g. 5% is described by
at least 20 topics. Instead, 99% of NY-Twitter 2014 is de-
scribed by at least one topic and 80% has at least 20 topics.
NewYorkers are considerably more connected with respect
to the ”older” 2009 network, both because rapidly increas-
ing connections is a general trend in the Twitter graph, and
because this is a tendency of NY citizens11.

Concerning coverage, Figure 1 favorably compares with
the results in Bhattacharya et al. (2014), where the au-
thors mention that their coverage is 77% on a network sam-
ple which also dates 2014. In their system, however, in-
terests are induced from those of expert users, rather than
explicitly mentioned in a user’s profile, therefore in princi-

11http://www.statista.com/statistics/322947/facebook-fans-
twitter-followers-of-new -york-knicks/
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Figure 2: Example of Twixonomy for a single user

ple our methodology is also more reliable. We note that, to
further improve coverage, we could use a method similar to
Bhattacharya et al. (2014), inferring additional interests for
a user, based on his/her peer friends. A study on interests
propagation in communities is left to future work.

Table 2 also shows that the initial ambiguity of topical
users’ names was rather high (5.27 for Twitter 2009 and 5.33
for NY-Twitter 2014). Though Babelfy has been extensively
evaluated in Moro, Raganato, and Navigli (2014), we man-
ually evaluated a sample of 200 ambiguous user names for
which a wikipage was selected by Babelfy, and 200 names
for which no correspondence was found, achieving an F-
measure of 0.82. To improve precision, similarly with what
we proposed for coverage, topical users’ peer friends pro-
files could be used to provide Babelfy with more context.

Table 3 shows some Twixonomy statistics, such as the
number of nodes and edges before and after removing cy-
cles, and the max depth of the extracted Twixonomy. We can
see that, even starting from very different population sizes,
the two Taxonomies are of the same order of magnitude.

Note that with the same method illustrated in Algorithm 1
we can build a single-user or a community Twixonomy. For
example, Figure 2 shows the Twixonomy of a single ”com-
mon” user with 7 topical nodes in his/her friendship list. The

Figure shows (along with other examples that we analyzed)
that mid-general categories are the most representative of
a user’s interests since, as the distance between a wikipage
and a hypernym node increases, the semantic relatedness de-
creases. In the example, the categories Economics, Basket-
ball and Mass Media could be chosen to cover of all user’s
topical friends.

Our Twixonomy is made available on http://anonymous-
submission-required, along with the set of users’ IDs in P
connected with the Taxonomy nodes.

4. Comparison with Who Likes What
So far we already compared our system with Who Likes
What (Bhattacharya et al., 2014), highlighting two advan-
tages of our Twixonomy:
• a hierarchical organization of interests, rather than an un-

structured and large set of topic labels;
• a higher coverage, achieved by extracting explicit users’

interests rather than induced interests.
In this section we perform a more detailed analysis of

the differences between the two systems. Who Likes What
(WLW) is accessible from http://twitter-app.mpi-sws.org/
who-likes-what/. In this web site, it is possible to visual-
ize the interests of a users (in the form of an ordered list of
topics or a topic cloud) by providing his/her name. It is also
possible to inspect a number of sample interests of Media
Personalities, Researchers and Geeks.

Figure 3 is the tag cloud of the first personality shown in
the Media list, Nathan Fillion, precisely as shown in WLW.
We created the Fillion’s Twixonomy from his set of topical
friends, and we then generated a set of category k-lists, such
that each list includes the k-hop level categories (the cate-
gories that are reached in k hops from Fillion’s leaf topical
nodes), weighted by the out-degree of the node. Figures 4
and 5 show the tag clouds of the 1-list and 2-list , respec-
tively.

There is no easy way to quantitatively compare the perfor-
mances of the two methods ”in the large”, given the differ-
ent vocabulary (plain English words against Wikipedia cat-
egories) however comparing the tag clouds it is seen that
categories, especially mid-low level ones, represent a more
intuitive and precise description of Fillion’s interests than
WLW topics. In particular, the first two categories in Figures
4 (American Film Actors and American Television) summa-
rize the majority of WLW topics in Figure 3, i.e.: celebrities,
celebs, entertainment, movies, actors, famous, tv, actresses,
film, stars, hollywood, television, comedians, artists, but are
quite more specific. As the level of generality increases, e.g.
in Figure 5 where k=2, the similarity between the WLW and
Twixonomy clouds increases in terms of tag matches, how-
ever, as also remarked by the WLW evaluators, the interests,
even though useful, become too general. Similar results have
been obtained for all 17 sample interests accessible in the
WLW web site.

5. What Women like?
The main advantage of the Twixonomy is that we are able
to describe the interests of single users, communities, or the
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Figure 3: WLW interest cloud of @NathanFillion
http://twitter-app.mpi-sws.org/who-likes-what/sample-
interests.php?group=media users

Figure 4: Interest cloud derived from 1-hop categories in the
@NathanFillion Twixonomy.

Figure 5: Interest cloud derived from 2-hop categories in the
@NathanFillion Twixonomy.

entire network at selected levels of granularity, as in the ex-
amples of Figures 4 and 5. In this paper, our aim is to per-
form a gender analysis of Twitter users’ interests, but many
other applications are possible. To identify gender, we used
a large list of female and male names extracted from several
available sources12 . More complex algorithms can be used,

12e.g.: http://en.wikipedia.org/wiki/Category:Given names;
http://babynames.net/ etc.

Twitter 2009 NY-Twitter 2014
Topical
users
(T)

Users (P) Topical
users
(T)

Users
(P)

males (M) 829,565 13,554,883 357,002 39,871
females
(F)

312,190 10,849,637 156,603 29,264

not gen-
dered
(U)

646,152 15,767,104 223,304 32,227

F/(F+M) 27.3 47.6 30.5 44.6
Average
female
interests

n/a 8.9 n/a 95.5

Average
male
interests

n/a 9.4 n/a 103.9

Female in-
terests(%)

n/a 44.2 n/a 40.7

Male in-
terests(%)

n/a 55.8 n/a 61.3

Table 4: Gender statistics

like gendered language and other gender signals in a user’s
profile, however on a very large population this is compu-
tationally demanding. We computed precision and recall of
gender classification on a sample of 200 names, and we ob-
tained an F-measure of 85%. Importantly, errors are inde-
pendently distributed and do not significantly alter the gen-
der statistics. We are aware, however, that women more than
men are concerned with privacy and declare their accounts
as private 13.

In our study, we aim to analyze two distinct populations:
common users and topical users. As we already remarked,
several Twitter accounts do not correspond to individuals,
but rather, to organizations, products, places, etc. Further-
more, a number of names cannot be reliably associated with
a gender. Therefore ”gendered” users are a subset of both
topical and common users. Figure 6 clarifies the different
types of populations we are dealing with: P is the initial set
of users, who can be male (M) female (F) or other (U). The
set of topical users T is also partitioned in the same three
categories. Hereafter we refer to gendered topical users as
to celebrities, and to gendered common users, as to peers
to avoid confusion with the respective full network popu-
lations T and P. Furthermore, since users in P may express
several interests, or none, as shown in Figure 6, the number
of, e.g. peer women’s interests FT feeding the Twixonomy is
different from the number of peer women F interested in at
least one category of the Twixonomy. Similarly, the number
of peer men’s interests MT is different from the number of
peer men M.

Table 4 shows the gender distribution of celebrities, peers,
and peer’s interests, for both the Twitter 2009 and NY-
Twitter 2014 datasets. It is immediately seen in Table 4

13http://www.beevolve.com/twitter-statistics/#b1
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Figure 6: Mapping scheme between Twitter users and the
Twixonomy

that the percentage of female celebrities is considerably less
than female peers, and both are less than males. Further-
more, even though female peers are around 44-47% in the
two datasets, since women tend to express in the average a
lower number of interests, the percentage of female interests
is slightly lower than the percentage of female peers. Com-
paring the two datasets, the main difference is in the average
number of interests expressed by peer users, which is one
order of magnitude higher for NY-Twitter, a difference that
we already motivated in Section 3.

We first analyzed the distribution of celebrities and peers’
interests in the Twixonomy topmost categories. The sta-
tistical significance of all the results reported hereafter
has been tested using the chi-square test (Cochran and
Snedecor, 1989) and the web application in http://graphpad.
com/quickcalcs/chisquared1.cfm. We found that the pro-
portion of celebrities and peers’ interests in topmost cate-
gories is not statistically significant as compared with the
respective proportion in full populations, except for the cat-
egory Sports, where males dominate. This is also due to
the fact that there are too many paths in Wikipedia (and
in the Twixonomy) trough which topmost categories can be
reached, some of which are rather unexpected, e.g. Math-
ematics → Theoretical computer science → Statistics →
Kindship and descent → Genealogy → Given names, a path
connecting any given name with Mathematics. This exam-
ple, and many similar ones, confirms that mid-low categories
are a better description of users’ interests since, after a num-
ber of hops from the initial wikipage, the reached categories
can be totally unrelated. More interesting results are instead

obtained with lower level categories, as already discussed
with reference to Figures 2, 4 and 5.

Table 5 shows the results for some14 of the mid-general
categories for which we found a statistically significant dif-
ference (either for celebrities or peers’ interests) with respect
to the full populations. We observe that, in both datasets, fe-
male celebrities are Women Organizations’ and Fashion’s
leaders and, in Twitter 2009, also Pop Musicians. We also
note that there are more Democrats than Republicans and
more Democrats’ followers than Republicans’ followers (a
difference that has been observed also in the full Twitter
population (Colleoni, Rozza, and Arvidsson, 2014)).

In general, there is an agreement between the percent-
age of celebrities and celebrities’ followers, in the sense that
categories in which the percentage of female celebrities is
higher (with reference to the average value) are also cate-
gories in which the percentage of female interests are higher,
with some exception: for example, though only 4-5% Cur-
rent National Leaders are female (well below the average
of female celebrities in the Twixonomy), the percentage of
female’s interests in this category is more or less in the av-
erage (i.e. not significantly diverging from the fraction of
female interests in the full population). In other terms, there
are very few women leaders, but women are indeed enough
interested in leadership: it seems however that they prefer to
follow male leaders, as shown in Table 6, in which we mea-
sure the degree of homophily for each category c of Table
5.

Homophyly is computed as the ratio between the num-
ber of female interests in female celebrities FFTc and the
total number of female interests FTc in the topics of the cat-
egory. Note that FTc includes interests in female celebri-
ties, male celebrities and also ”other” non-gendered top-
ics UFTc, therefore we have that e.g.: (FFTc +MFTc +
UFTc/FTc) = 1. The Table shows that men have a sig-
nificantly higher tendency towards homophily than women.
Note that significance in a category must be tested against
the distribution of female and male celebrities in that cat-
egory: for example, if there are 5.4% female celebrities in
Current national leaders, the expected fraction of peer fe-
male interests in female leaders should be close to that value,
in absence of homophyly. Instead, we note that except for the
categories Writers, Democrats and Women’s organizations,
women are either non-homophylous or they support man or
non-gendered entities significantly more than other women.

Overall, the results obtained for the two datasets, in spite
of the temporal distance, are remarkably in agreement, ex-
cept, of course, for the absolute numbers. This is bad news,
since there are no perceivable changes in the degree of pre-
dominance of males, especially as far as celebrities and tra-
ditional male’s domains are concerned.

6. Concluding remarks and future work
In this paper we described a novel method to induce
a Twixonomy (a hierarchical representation of Twitter

14for the sake of space we can only present an excerpt of our re-
sults, however, as previously mentioned, the Twixonomy is avail-
able along with the set of peer users’ IDs in each category.
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%Female Celebrities Peers %Female interests
T-09 N-T-14 T-09 N-T-14

Avg. Population values 27.3 30.5 47.6 44.6
Pop musicians 61.6 23.0 58.3 47.6
Schoolteachers 33.3 31.8 56.9 37.4
Writers 23.8 25.0 45.7 38.8
Businesspeople 22.4 28.9 47.3 40.3
Sportspeople 10.1 10.6 39.5 29.0
Current national leaders 4.2 5.4 48.3 41.9
Religious leaders 9.3 11.4 40.6 37.8
Fashion 56.9 63.1 54.7 50.6
Women’s organizations 79.7 66.9 58.8 49.7
Military organization 12.1 13.4 39.9 32.8
Democrats (United States) 18.6 20.0 49.2 40.6
Republicans (United States) 11.1 10.1 44.5 35.1
Category for which the % of fe-
males is higher

Women’s or-
ganizations

Women’s or-
ganizations

Women’s or-
ganizations

Fashion

Category for which the % of fe-
males is lower

Current
national
leaders

Current
national
leaders

Sportspeople Sportspeople

Table 5: Mid-general categories in Twixonomy for which there is a statistically significant difference in the distribution of
celebrities and peers in Twitter 2009 (T-09) and NY-Twitter 2014 (N-T-14).

T-2009 T-NY-2014
MMT/MT FFT/FT MMT/MT FFT/FT

Pop musicians 37.9 63.1 63.6 36.6
Schoolteachers 8.2 21.0 62.2 43.5
Writers 76.0 32.0 76.0 33.7
Businesspeople 83.2 27.0 79.9 30.3
Sportspeople 85.6 24.5 89.5 16.4
Current national leaders 99.1 0.4 98.5 1.0
Religious leaders 89.0 17.8 82.6 21.2
Fashion 35.3 61.4 42.8 58.6
Women’s organizations 0.2 99.8 42.7 58.8
Military organization 96.8 2.8 92.7 8.3
Democrats (United States) 67.1 45.5 76.5 29.4
Republicans (United States) 95.9 7.2 85.4 22.2

Table 6: Homophyly degree in categories

users’interests), based on Wikipedia categories. A Twixon-
omy can be induced for single users, communities, and
populations, thus providing material for a variety of demo-
graphic analyses. We applied the Twixonomy to the study of
gendered interests in two large Twitter populations, that led
to a number of interesting findings.

Our work can be extended in many ways: the quality and
coverage of the Twixonomy can be further improved by ex-
ploiting the network structure both to increase precision of
Twitter names sense disambiguation and coverage of users;
a more systematic analysis of the best generalization level
to describe users’ interests can be conducted; pruning strate-
gies to delete less meaningful Wikipedia hypernymy rela-
tions in the Twixonomy can be devised, and more.
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Abstract
In this paper we describe an application of a lightly su-
pervised Role Identification Model (RIM) to the analy-
sis of coordination in Wikipedia talk page discussions.
Our goal is to understand the substance of important
coordination roles that predict quality of the Wikipedia
pages where the discussions take place. Using the model
as a lens, we present an analysis of four important co-
ordination roles identified using the model, including
Workers, Critiquers, Encouragers, and Managers.

Introduction
Resources such as Wikipedia are successful as a result of the
coordinated efforts of the masses. Despite its success, how-
ever, the quality and thoroughness of Wikipedia articles is
variable depending upon the topic area and the popularity of
the respective subject. Research into the reasons behind the
variability point to issues of coordination. For example, Kit-
tur and Kraut (2008) have shown in a cross-sectional anal-
ysis of Wikipedia articles and Talk pages that explicit co-
ordination through discussion is particularly valuable in the
early stages of an article’s development. More broadly, high
quality pages are associated with a history in which a small
number of editors coordinated effectively with one another
either directly (through discussion on the talk pages) or in-
directly (through joint editing of textual artifacts). However,
this research only focused on transactional data and did not
analyze in detail what precisely was the substance of the
coordination. Qualitative analysis of behavior in Wikipedia
has begun to identify some important roles (Welser et al.
2011), although these identified roles are not exhaustive and
have not been formally operationalized or validated through
quantitative methods.

In this paper, we take the next step in operationalizing and
validating these coordination roles through a lightly super-
vised role identification model (RIM) developed in previ-
ous work (Yang, Wen and Rosé, submitted). We apply this
model to the dataset used in the earlier work of Kraut and
Kittur (2008). In that study, the authors observed the devel-
opment of articles with different quality ratings according
to the WikiProject article quality grading scheme1 in fixed

Copyright c© 2015, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1http://en.wikipedia.org/wiki/WP:ASSESS

time windows of 6 months and looked at the discussion ac-
tivity during that time. In order to gain insights into the ac-
tual content of these discussions, we randomly sample 6,000
articles from the dataset and retrieved the discussions posted
in each 6-month time window defined in the initial study
from the Talk page revision history using the Wikipedia Re-
vision Toolkit (Ferschke, Zesch, and Gurevych 2011). There
is reason to believe that there are important roles for editors
to play in a coordinated way in the trajectory of a page, and
that detection of these roles and the configurations of roles
in conversations, which could be seen as the composition of
teams working towards article improvement, should predict
page quality as the article evolves over time. The RIM model
enables us to test this hypothesis through application to the
extract from the Kraut and Kittur dataset.

In the remainder of the paper we review prior computa-
tional work on modeling role based behavior and briefly de-
scribe the RIM model that we recently introduced (Yang,
Wen and Rosé, submitted). We then describe in more detail
how we prepared the Wikipedia data for modeling. Next we
describe the experiment that we ran and its results. We con-
clude with directions for our continued research.

Related Work
The concept of “social role” has long been used in social
science fields to describe the intersection of behavioral, sym-
bolic, and structural attributes that emerge regularly in par-
ticular contexts. Another similar line of work studies identi-
fication of personas (Bamman, O’Connor, and Smith 2013;
Bamman, Underwood, and Smith 2014), e.g., celebrity, new-
bie, lurker, flamer, troll and ranter, etc. within the context
of a social network, which evolve through user interac-
tion (Forestier et al. 2012). What is similar between stances
and personas on the one hand and roles on the other is that
the unit of analysis is the person. On the other hand, they
are distinct in that stances (e.g., liberal) and personas (e.g.,
lurker) are not typically defined in terms of what they are
meant to accomplish, although they may be associated with
kinds of things they do. Teamwork roles are defined in terms
of what the role holder is meant to accomplish.

The notion of a natural outcome associated with a role
suggests a modeling approach utilizing the outcome as light
supervision towards identification of the latent roles. For ex-
ample, Hu et al. (2009) predict the outcome of featured ar-
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ticle nominations based on user activeness, discussion con-
sensus and user co-review relations. The latent construct of
a role, such as team leader, is defined in terms of a distri-
bution of characteristics that describe how that role should
ideally be carried out. Roles need not only be identified with
the substance of the text uttered by role holders. Previous
work discovers roles in social networks based on the net-
work structure (Hu and Liu 2012; Zhao et al. 2013). How-
ever, these approaches do not standardly utilize an outcome
as supervision to guide the clustering.

Role Identification Model (RIM)
Our role identification model aims to maximize the pre-
dicted quality scores of teamwork among a selected set of
editors. We first introduce the basic notation and then present
an iterative model that alternates between the following two
stages: (i) teamwork quality prediction using article quality
as an outcome variable, and (ii) participant role matching.

Notation

Suppose we have C teams in which participants collaborate
to plan editorial work on an article. The number of partici-
pants in the j-th team is denoted as Nj , (1 ≤ j ≤ Nj). There
are K roles across C teams that we want to identify, where
1 ≤ K ≤ Nj , ∀j ∈ [1, C]. That is, the number of roles is
smaller than or equal to the number of participants in a team,
which means that each role should have one participant as-
signed to it, but not every user needs to be assigned to a role.
Each role is associated with a weight vector Wk ∈ RD to
be learned, 1 ≤ k ≤ K and D is the number of dimensions.
Each participant i in a team j is associated with a behavior
vector Bj,i ∈ RD. The measurement of teamwork quality
is denoted as Qj for team j, and Q̂j is the predicted quality.
Here, Q̂j is determined by the inner product of the behavior
vectors of participants who are assigned to different roles
and the corresponding weight vectors.

Teamwork Role Identification

Our goal is to find a proper teamwork role assignment that
positively contributes to the teamwork outcome (i.e. im-
provement of article quality) as much as possible. The role
identification process is iterative and involves two stages.
The first stage uses an regression model to adjusts the weight
vectors in order to predict the teamwork quality, given a
fixed role assignment that assumes participants are well
matched to roles. In the second stage, we iterate over all pos-
sible assignments to find a matching that maximize our ob-
jective measure. In order to avoid the complexity of a brute
force enumeration, we create a weighted bipartite graph and
apply a maximum weighted matching algorithm (Ravindra,
Magnanti, and Orlin 1993) to find the best matching. For
each team (i.e. for each discussion topic), a separate graph
is created as shown in Figure 1. We alternate between the
two stages until both role assignment and teamwork quality
prediction converge.

S1

S2

SN

R1

R2

RK

  

Weight(i,j) = Wk
TBj,pj,k

maximum weighted
matching

candidate edges

Si    i-th user in j-th team

Rk    the k-th role

Weighted Bipartite Graph 
for j-th team

Figure 1: Weighted bipartite graph for matching users and
roles

Assembling Behavior Vectors

We operationalize roles as distributions of behaviors that an
editor engages in during participation in Talk Page Discus-
sions. In order to represent Talk Pages in terms of the rep-
resented roles, we must first define types of contributions to
such discussions. Then we must associate each participant in
each discussion with a distribution of such behaviors based
on their observed contributions. In this section we first de-
scribe a coding scheme that describes types of contributions
to Talk Page discussions developed in earlier work Ferschke,
Gurevych, and Chebotar (2012). Then we describe the tech-
nical process of segmenting Talk Page discussions, assign-
ing contribution types to each segment, and constructing be-
havior vectors for each participant in each discussion.

Coding Scheme for Talk Page Contributions

In order to capture the discussion behavior of the individ-
ual users, we follow the approach described by (Ferschke,
Gurevych, and Chebotar 2012), who developed a dialog act
annotation scheme for Wikipedia discussions with labels
that identify the intentions of discussion posts with respect to
their relevance for the article improvement. We use a revised
version of this annotation scheme (Ferschke 2014), which
contains twelve dialog act labels in four categories shown
in Table 1. Article criticism labels identify turns that men-
tion article deficiencies such as missing information, factual
or stylistic error, missing citations or layout problems. Self
commitment labels indicate the willingness of the poster to
improve the article or reports of them already having done
so. Requests capture suggestions for edits by other commu-
nity members. Finally, label in the Interpersonal capture the
attitude of the posters towards each other. We train Naive
Bayes classifiers on a manually labeled corpus of English
Wikipedia discussions (Ferschke 2014) using the set of fea-
tures described by Ferschke et al. (2012). We use these clas-
sifiers to label all turns in our dataset. The labels are de-
scribed in detail by Ferschke (2014).
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Label Description

CRITCOMPL Information is incomplete or lacks detail
CRITACC Lack of accuracy, correctness or neutrality
CRITLANG Deficiencies in language and style
CRITSUIT Content not suitable for an encyclopedia
CRITSTRUCT Deficiencies in structure or visual appearance
CRITAUTH Lack of authority

ACTF Commitment to action in the future
ACTP Report of past action

REQEDIT Request for article edit
REQMAINT Request for admin or maintenance action

ATTPOS Positive attitude
ATTNEG Negative attitude

Table 1: Dialog act labels for Wikipedia Talk page discus-
sions according to Ferschke (2014).

Segmentation, Classification, and Behavior Vector
Construction
On the surface level, Wikipedia Talk pages resemble
threaded discussions in web forums. However, they lack the
rigid thread structure that is usually enforced by the fo-
rum software. Talk pages use the MediaWiki markup for
segmenting discussions into individual topics. Furthermore,
users are requested to mimic a thread structure by indent-
ing their posts and signing them with their usernames. Since
this practice is not enforced by the system, reliably segment-
ing the unstructured discourse can be a challenging task. We
use a variation of the Talk page segmentation algorithm de-
scribed by Ferschke (2014), which identifies turn boundaries
with the help of the Talk page revision history. Furthermore,
the approach uses the revision meta data to identify the au-
thors of each turn even if they did not sign their post. In par-
ticular, we employ the forward checking approach described
by Ferschke and regard each paragraph within a discussion
as a separate turn. Users who posted to a discussion while
not being logged in are identified by their IP. Even though
the same person might theoretically appear with different
IPs, the risk of misidentifying individuals is small within
the scope of a single discussion. We therefore regard IPs
as appropriate identifiers for anonymous individuals for our
study.

From the 6,000 selected Talk pages, 2,052 pages had at
least one discussion in the observed time period with more
than three different participants. Overall, we extracted 5,185
discussions with 72,031 turns posted by 8,042 users. Given
the constraint that the articles were observed at an early stage
of their development, it is not surprising that only 55 articles
in our sample were labeled with the highest quality levels
(Good article, A-class, Featured article), while the remain-
ing articles fell in any of the lower quality categories (Stub,
Start, B-Class).

We construct the behavior vectors for each user by count-
ing the frequency of each label in all of their posts within a
single discussion. We furthermore include the absolute num-
ber of posts by that user in this discussion. This results in a
13-dimensional vector for each discussant. For every discus-

sion, the behavior vectors of all participating users are then
combined and assigned a quality score based on the article
quality rating at the end of the observed time window.

Experiment
In order to increase the likelihood of the role assignments
to converge, we initialize our algorithm with a heuristically
determined role assignment rather than assigning roles ran-
domly. In our initial experiment, we seek to identify four
roles, and assign one individual to each of these roles in each
discussion. Based a manual review of Wikipedia Talk pages,
we determined which of the dialog act labels frequently co-
occur in the posts of individual users indicating that they
tend to perform a restricted set of certain acts thus repre-
senting a particular role in the discussion. Based on this first
intuition, we formed four sets of dialog act labels2. We rank
the users according to the label frequencies in each category.
We then initially assign the user with the highest rank in a
category to the respective role.

For each role k, we compute the associated vector repre-
sentation Rk by averaging all behavior vectors Bj,i of par-
ticipant i in discussion j who are assigned to that role in the
final iteration. For each role k and feature i, the regression
model furthermore assigns a weight Wk,i, which measures
the importance of the corresponding feature in the respec-
tive role for predicting article quality. We can compute an
indicator of how much influence a role has for predicting ar-
ticle quality. This indicator is computed by summing over
features the product of the average value of the feature in
the role and the weight for that feature. The sum over all of
these role indicators is the total influence of the model, and
the role influence of each role is its indicator value divided
by the role weight. We can then interpret each role in terms
of its role influence and the set of features with high average
value and weight.

Using this approach, we interpreted the model output. The
first role learned by the model is the most influential one, ac-
counting for 65% of the total influence. It accounts for more
than twice as much influence as the second most important
role identified. The average values for almost all features
are substantially higher than the corresponding values in all
the other roles, indicating that participants assigned this role
are highly active in general and contribute a wide variety of
types of contributions. However, the ones that account most
for its influence are ACTF, CRITCOMPL, CRITSTRUCT,
CRITSUIT, and Number of posts. This is a combination
of actions that makes sense when one is planning the early
stages of a page, wheres accuracy, language and style, and
authoritativeness are smaller issues that would apply later.
We have termed this role The Doer.

The next most influential roles is one where the influence
comes from ATTNEG and CRITAUTH and number of posts.
It accounts for 27% of the total influence of the model. We
have termed this role The Critiquer. The other behavior pro-

2We define the following four sets of labels for the ini-
tial role assignments: (CRITCOMPL, CRITACC, CRITAUTH),
(CRITLANG, CRITSTRUCT), (ACTF, ACTP), (REQEDIT,
REQMAINT)
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files also include critiquing behaviors, however this one em-
phasizes critiquing over other things in terms of doing it fre-
quently and attributing high weight to these acts.

The next role accounts for only 7% of the total influence
of the model. That role’s influence comes from ATTPOS and
number of posts. We have termed this role The Encourager.

The final role, which accounts for the remaining 1% of
influence is determined by ACTP, CRITAUTH, CRITSUIT
and REQEDIT. The pairing between ACTP and REQEDIT
is interesting. Both have relatively high frequency for this
role, which suggests that this person may be conceived as
The Manager.

Discussion
The first experiment yielded four distinct roles with differ-
ential contribution towards the prediction of article quality,
namely The Doer, The Critiquer, The Encourager, and The
Manager. It is interesting that the behavior profile that is
closest to what would intuitively be thought of as a man-
ager role turns out to be so insignificant in the prediction of
article quality. On the other hand, the Critiquer could also
be considered a sort of manager, who does not explicitly as-
sign work to individuals, but does point out important work
that needs to be done. It is interesting to note that while one
might expect leadership to play the most prominent role in
prediction of article quality, what we see is that it is most
essential to have enough workers who are contributing ac-
tively, making commitments, and presumably doing a lot of
editing work as well.

Conclusion and Current Work
In this paper we have presented a first application of a
lightly supervised Role Identification Model (RIM) to data
extracted from Wikipedia Talk pages. The objective was to
identify roles that are predictive of article quality, and thus
might suggest roles that should be represented on a page in
order for effective coordination to take place.

In this first experiment, we began by defining role-based
behavior profiles in terms of conversation acts defined in ear-
lier work on analysis of Wikipedia Talk pages (Ferschke,
Gurevych, and Chebotar 2012). However, though these con-
tribution types are reminiscent of qualitative analyses of
role-based behavior in talk pages from earlier work, there
are still dimensions of discussion behavior that could be
explored for their contribution both positively and nega-
tively to article quality. For example, some earlier work has
aimed to characterize the discourse segment purposes or in-
tentions associated with contributions to the Wikipedia Talk
pages (Bracewell, Tomlinson, and Wang 2012; Bracewell et
al. 2012). And other work characterizing task related contri-
butions in terms of style (Swayamdipta and Rambow 2012).
Still other work focuses on strategies like power plays (Ben-
der et al. 2011; Marin, Zhang, and Ostendorf 2011).

In this first experiment, we have identified a set of four
roles. However, what we have not explored is the number
of each role type that should be present per page. Also, we
have not explored the interplay between roles. Both of these

are important questions left to answer in our work going for-
ward.

In the future, we will also use the identified role-based be-
havior profiles to take inventory of which pages are missing
key editor roles. These profiles can also be used to identify
participants on related pages that might be able to fill those
roles where they are missing. Thus, this work might form the
foundation for a social recommendation approach to channel
coordination effort in Wikipedia where it might have posi-
tive impact on quality.
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Abstract
We present a comparative analysis of three tools for visually
exploring the revision history of a Wikipedia article. We do
so on the use case of “Gamergate Controversy”, an article that
has been the setting of a major editor dispute in the last half
of 2014 and early 2015, resulting in multiple editor bans and
gathering news media attention. We show how our tools can
be used to visually explore editor disagreement interactions
and networks, as well as conflicted content and provenance,
and present some of the results. We argue that these individual
tools could benefit from synergies by combining them and lay
out a possible architecture for doing so.

1 Introduction
Numerous scientific approaches exist to analyse Wikipedia
articles in terms of their content, editors and social dynamics.
Some visual tools have been provided, both by researchers
and by the Wikipedia community. Yet, understanding the col-
laborative writing history of an individual article as a casual
user, editor or even researcher in an easy, intuitive way (i.e.,
without relying on elaborate statistical analysis) is still a hard
task. There is a lack of transparency regarding the editing
process on Wikipedia: it is fully documented in the revision
history, but not in a way that is straightforward to browse, in-
spect and analyze by humans in all its intricacy. For instance,
one cannot easily discover which words were contributed
by what author or what specific dynamics governed the rise
of disagreement between editors on particular content in the
article. This information would be key to enable accountabil-
ity and social transparency, as has been argued by Suh et
al. (2008), but is effectively hidden from the user due to the
innate complexity.

Some related visual interfaces as, e.g., “Wikidash-
board”(Suh et al. 2008), “Wikitrust”(Adler, de Alfaro, and
Pye 2010), “History Flow” (Viégas, Wattenberg, and Dave
2004) and community solutions have been proposed;1 but
most have since been discontinued as a service and further,
so we argue here, provide only solutions to specific subprob-
lems of the complex phenomenon that is understanding the
collaborative writing of a Wiki article.

Copyright c© 2015, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1For community tools see http://en.wikipedia.org/wiki/
Wikipedia:Tools

We hence argue in this paper that better software tools
that allow end-users to visually explore the dynamic, col-
laborative process of adding, deleting and restoring specific
content have to be made available for the purpose of accu-
rately reflecting all relevant interactions of editors with each
other and the emergence of content; and that those should
be integrated to allow a seamless exploration of all relevant
editing activity. We also make the case why such tools would
be key to (i) enable more transparency and thus reduce the
complexity that is inherent to the writing processes of (espe-
cially controversial) articles on Wikipedia; and (ii) why such
transparency empowers readers, editors and researchers to
better comprehend the context of an article’s emergence, and
to interpret its content accordingly (e.g., by acknowledging
opinion camps and biased behaviors, ownership or edit war-
ring behavior of single authors, etc. and the effect they have
on the eventual content presented).

Structure of the paper We first motivate the need to make
understanding content emergence and collaboration patterns
more intuitive in section 2. We do so specifically on the ex-
ample of the article “Gamergate controversy” that has gained
recent media attention as a major battleground of Wikipedia
editors.

We then shortly present two tools we recently developed
and published in this regard in Section 3: Contropedia and
whoVIS; and we introduce whoCOLOR, a userscript for high-
lighting provenance and controversity of words in Wikipedia
articles. Further we briefly describe the above mentioned
older legacy tools and one Wikipedia community solution
called “Wikireplay”, which we believe could also provide a
useful approach to our goal.

Thirdly we demonstrate how our tools can help understand
the dynamics of conflict and content development on the
example of the “Gamergate Controversy”2 article, hence
enabling a reader of the article to see how the content readable
today evolved into its current form, and what content should
be interpreted with specific care considering its background.
In the process we show the individual strengths of the three
tools and how they can complement each other.

Finally, we outline how the individual tools could be com-
bined to better tell “the whole story” of the article develop-
ment and problematic content, and suggest a concrete plan

2https://en.wikipedia.org/wiki/Gamergate controversy

Wikipedia, a Social Pedia: Research Challenges and Opportunities: Papers from the 2015 ICWSM Workshop
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(a) Before the merging of the draft article and editor bans
put into effect (22.11.2014) we see (i) a clear overall dominance
by a small group of authors (cf. section 4, esp. Figure 4a) in
written words and (ii) in some sections, like “History”, an almost
complete dominance of these authors’ content.

(b) Today, much of the content of the previously dominating
editors has been replaced (as of 30.03.2015), as well as content
by other, banned editors. The content of the previously dominat-
ing editors has (i) decreased overall, as the comparison to Figure
4a shows. (ii) Some sections, like “History”, are now much more
diverse in terms of authorship (non-marked words in the above
screenshot were, e.g., written by 22 distinct editors)

Figure 1: Screenshots of the “History” section of “Gamergate controversy” with whoCOLOR markup on the text (on the left
sides, respectively) and the author lists (right sides, respectively), ordered by percentage of written words. The same editors are
marked in both screenshots. Except Masem and Torga, only editors that were later banned are marked.

for integration of these approaches.

Contributions In this this paper we (i) give an overview
of software tools directly related to the problem of visually
explaining the editing history of an article; (ii) show how
the tools we are currently developing can help in tackling
the issue of insufficient transparency of the editing process
and content emergence; (iii) show how an integration and
further development of tools can provide a user with insights
each of those tools could not provide individually; (iv) “on
the side”, conduct a first scientific, although preliminary,
qualitative analysis of the evolution and disputed content of
the “Gamergate controversy” article, which we employ as a
use case.

2 Motivation
We aim to provide end-users with tools to understand the
collaborative writing process in its complexity. A more spe-
cific goal is to enable even casual readers to understand the
social collaboration patterns that governed the emergence of
the content – leading it to be as it is at the time of reading –
and to exercise care especially with controversial text. This
supplies context for the interpretation of said content, linking
it to an explicit, understandable history.

“Gamergate Controversy”
A specific example of an article for which it is hard to attain
the full picture of all parties involved in its creation, and
which content they have been arguing about, is “Gamergate
Controversy”.

It is a highly controversial article on the English Wikipedia
that has recently garnered even the attention of prominent me-

Figure 2: A paragraph with heavily controversial con-
tent in a recent version of the article, as seen in the who-
COLOR Conflict View (as of 09.02.2015). Shades of red
are relative to each other, being more intense the more con-
flicted a word is.

dia outlets, when 11 editors were sanctioned by Wikipedia’s
“Arbitration Committee” (ArbCom), mainly including 1-year
topic-bans on the article and related topics with most partic-
ipants disciplined for “uncivilized” and “battleground” be-
havior.3 The sole involvement of the ArbCom, arguably
Wikipedia’s “Supreme Court” when it comes to quarrels be-
tween editors, plus the scope of the sanctions shows the
gravity of the dispute this article has been subject to.4

The conflict surrounding the “Gamergate” phenomenon
– going far beyond Wikipedia – had already become of sig-
nificant societal relevance, as seen by the coverage in many

3Find the full ArbCom case here: https://en.wikipedia.org/wiki/
Wikipedia:Arbitration/Requests/Case/GamerGate

4Usually users in the “administrator” role police articles and
implement sanctions. ArbCom is only appealed to if those sanctions
fail repeatedly to restore order to the editors’ behavior.
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major media outlets like The Washington Post, The New
Yorker and the New York Times (Kaplan 2014; Parkin 2014;
Wingfield 2014). After “Gamergate” was discussed in social
media and news media, the Wikipedia article “Gamergate
Controversy” was created and specifically the related editing
dispute and resulting editor bans came into focus of the news
media as well, as indicated by the coverage in media outlets
like The Guardian, The Washington Post and Slate (Hern
2015; Dewey 2015; Marcotte 2015).

The article deals mainly with alleged corruption in gaming
journalism and the following reported sexism and harassment
of (mostly female) individuals through the “anti-corruption”
or “pro-Gamergate” faction.5

All in all, the article is a good example of how Wikipedia
coverage of a topic can achieve (i) high societal relevance
and how it is therefore important for readers to understand
the underlying motivations, agendas and editors fighting for
control over the article and the effect of those disagreements
on the eventual output in form of the content presented to
the readers. Only this transparency enables a critical and
informed consumption of the information therein. In a case
like this, moreover, (ii) the number of editors involved and
the amount of content changes they have been applying over
time is so vast that the resulting patterns of editor interactions
and content development are not viable to understand in their
entirety for an average reader (or, e.g., a journalist) just by
looking at the revision history provided in the MediaWiki
software or reading the talk page. As journalist Amanda
Marcotte puts it in an article for “Slate” in direct reference to
the Wikipedia article: “As is generally the case with Gamer-
gate, piecing together the story of what really happened amid
the cacophony of finger-pointing and recrimination is nearly
impossible [...]” (Marcotte 2015).

Providing suited visual tools to explore the article history
in terms of content and editor interactions is therefore essen-
tial to assure fully informed readers.

3 Related work
The following visualization and exploration software tools
can potentially be used to shed light on the development of
the article by an end-user.

• whoVIS (Flöck and Acosta 2015) visualizes editor-editor
disagreement networks over time, derived from the col-
laborative editing actions on word level in an article. It
features a main network graph view, navigable over time,
and allowing to inspect individual edges for the disagreed-
on content.6 It also provides views for aggregated metrics
over time and tracking most dominant editors in terms of
written words.

• Contropedia (Borra et al. 2015b) highlights most contro-
versial elements in an article, and when and why there
was dispute about them. Two main views are the entry

5The authors want to stress that they aim to depict this topic from
a scientific perspective, as neutrally as possible, and have absolutely
no intention to take any position in this matter.

6whoVIS is available as web-based demo at: http://km.aifb.kit.
edu/sites/whovis/index.html.

Figure 3: The “Word History” feature of whoCOLOR is
used to inspect the most controversial words from Figure
2. Shown: a time period (descending from most recent to
older) where the marked-up words were heavily contested.
On the left, one can see the proponents (names under blue
bars) and opponents for inclusion (names under white gaps),
next to information about revisions and time duration the
words were ex-/included.

point to inspect activity around a specific topic: the layer
view, providing an overlay for the original article, high-
lighting controversial elements, and the dashboard view,
that presents a ranking of the most controversial elements
together with a timeline, showing when each element un-
derwent most dispute activity and the users involved.

• WikiDashboard (Suh et al. 2008) visualizes edits over
time by contributors to an article in a graph above the arti-
cle content, but does not track content changes or conflicts.
The service is no longer officially available.

• WikiTrust (Adler, de Alfaro, and Pye 2010) provides a
browser add-on that adds an overlay to Wikipedia articles
to display estimated trustworthiness of content, according
to the longevity of introduced changes. It provides word
provenance information, but not interactions of editors.
The API providing the trust mark-up was discontinued.

• History Flow (Viégas, Wattenberg, and Dave 2004) cre-
ates a layer-like visualization of the different parts of the
article written by distinct editors, over the revision history.
In this way it helps to follow content changes and moves
over time, although the concrete content or disputes are not
visible and content attribution is performed on sentence,
not word granularity.

• Wikireplay7 (or “re Edit”) is a community-built web ap-
plication that allows the user to select a Wikipedia article
and a starting revision. It then displays the look of the
HTML view of the article at the given time and sequen-
tially visualizes all single additions and deletions that took
place in a video-like animation.

7http://cosmiclattes.github.io/wikireplay/player.html, by
Wikipedia user Jeph Paul
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(a) Line graphs of the amount of words owned in a specific revi-
sion, over all revisions, by the top four contributors of content to
“Gamergate controversy”. All the other editors’ own word shares
are notably lower than those depicted.13

(b) The Gini coefficient for authorship, the relative disagree-
ment between editors and the relative mutual disagreement, for
“Gamergate controversy”, over the whole revision history. We
can see a constant increase of the authorship Gini (= increase in con-
centration) and clear spikes of disagreement at several time points.

Figure 4: Additional metrics provided by whoVIS for word ownership of the top editors (left) and conflict development and
word ownership Gini coefficient (right).

Introducing whoCOLOR
whoCOLOR consists of a userscript meant to be loaded in
a client’s browser with the Tamper-/Greasemonkey exten-
sions.8 It is activated when an article page in the English
Wikipedia is loaded and queries the WikiWho API for data
about the authorship of each individual word in the text,
based on the WikiWho algorithm (Flöck and Acosta 2014).9
The provenance data is sent to a server-side service of who-
COLOR which generates colored markup as an overlay on
the actual article text, which is then displayed by the user-
script (See examples in Figure 1). By hovering of words
in the text, the user is notified of the author of the selected
sequence through a highlight-effect in the author-list that is
inserted on the right-hand side of the article content. By click-
ing on words or authors, the user can permanently highlight
the author and all her written words in a distinct color. The
approach is heavily inspired by very similar work done for
the community solution “WikiPraise” by Wikipedia User Ne-
taction, that was based on the now-defunct Wikitrust API.10

whoCOLOR also features a “Conflict View”. It colors
those words in the article in a stronger tone of red the more
deletes and reintroductions (hence: disputes) they were sub-
jected to in the past (see Figure 2). A “Word History” is
available in both views (see Figure 3). It can be used to mark
up a sequence of words with the mouse to show and inspect
the periods of time when the selected words were present
(blue background) in the article or when they were not (white
background). It also shows who removed the content, for
how long (see Figure 3), and which user reintroduced it. It

8https://tampermonkey.net, https://www.greasespot.net
9The WikiWho API can be queried for the provenance informa-

tion of a revision range from live article data. Beta tester version-
s/access to whoCOLOR and the WikiWho API can be requested by
email to the first author.

10See https://de.wikipedia.org/wiki/Benutzer:NetAction/
WikiTrust.

can hence aid in understanding who the antagonists were in
possible disputes indicated by the “Conflict View”.

4 Use Case: Exploring “Gamergate
controversy”

When reading about the dispute concerning “Gamergate con-
troversy” in news media, on Wikipedia meta pages or other
external sources, it is routinely portrayed as “pro-gamergate”
against “feminists”, or at least the situation is outlined as a
clear-cut, two-camps edit war.11 The lecture of the ArbCom
page on the case gives a vague impression of who the op-
ponents in the dispute were: looking at the list of banned
editors and consulting third party websites and the article
talk page, one is prone to believe that the “pro-feminist” or
“anti-gamergate” faction comprised 5 now-banned editors
(sometimes even called “The Five Horsemen”).11 On the
other side we seem to have another – although even less
clearly defined – “pro-gamergate”, “anti-feminist” group of
6-9 now-banned editors and several unnamed users. Yet, this
vague picture is most likely a very strong simplification of
the actual editing dynamics and actors in the article.

The specific disputed contents of the conflict are even
harder to pinpoint, apparently ranging from wording disputes
over using expressions like “misogyny”, “harassment” etc.,
to arguing about whether certain factual claims are correct,
to disagreement about whether certain statements, quotes or
sources belong in the article at all. But which exact formula-
tions in the article are changed from what to what, which ones
are most disputed and between which editors these disagree-
ments actually took place is very hard to discern only from
the article itself, the associated talk page or third sources. To
get an unbiased, first-hand picture ex-post, one would have to

11Cf., e.g., the news sources cited in Section 2, or
http://thinkprogress.org/culture/2015/03/06/3629086/wikipedia-
gamergate-war/
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(a) Disagreements between four main editors at wrev 496.
Masem, NorthBySouthBaranof, Ryulong and EvilConker show
major disagreements, alongside various minor disagreements. Editor
EvilConker’s content changes will be undone before the conflict
ends.

(b) A spike of disagreements towards the later third of the article
(cf. Fig. 4b) involves The Devil’s Advocate in disagreement with
one of the dominant editors, Ryulong . Also shown: disagreements
between these two editors and Tarc and Tutelary, respectively, two
editors that were also later banned.

Figure 5: whoVIS disagreement network graphs for “Gamergate controversy”

manually sift through a vast amount of revision-history and
talk page data.

Exploring with whoVIS
The “Word Ownership” view of whoVIS (“original word
author” equals “owner”) provides first of all insights into who
were the most influential editors in terms of written words. As
shown in Figure 4a, four editors mainly coined the narrative
of the article by having authored most of the text, especially
in the hot phases of the debate (cf. disagreement spikes in
Figure 4b): Ryulong, Masem, NorthBySouthBaranof and The
Devil’s Advocate. Three of those editors were later banned.3
The “Additional Metrics” view of whoVIS (not depicted) also
shows that the article was at least semi-protected almost its
entire life and has seen frequent full-protection periods.

We can glean from whoVIS that these users wrote signifi-
cantly more content on the page than other editors (not shown
in Figure 4a) and did so increasingly over time. The Gini
coefficients measuring (i) the concentration of ownership of
words (shown as the blue line in Figure 4b) and (ii) how
concentrated the distribution of edit actions is over all active
editors (not depicted, very similar trend) are in accordance
with this apparently increasing dominance of just a few ed-
itors. Both curves are showing a steady incline of words
owned and edits applied, that levels off in the last third of the
article at a high value.

Just towards the end of the recorded revision history, we
see unusual, distinct and synchronized drops in the amount
of words owned for all four individuals (Figure 4a); upon
inspection of the Wikipedia diffs corresponding to those re-
visions and associated comments, we learn that apparently,
the community has started a separate draft article which was
at these revisions merged into the original (hence removing
or replacing much of the original content). The need for
the page to be fully protected at times and Wikipedians to
start a parallel article draft at all is a strong indicator that
the article climate up to this point was too unwelcoming for
many editors. A reason for this could be the dominance of
some authors in the article as well as the ongoing conflicts,

depicted by the number of spikes in disagreed-on words and
mutual disagreements in Figure 4b.

We therefore take a look at the disagreement network graph
provided by whoVIS. The basic pattern visible starts at an
early stage, from approximately whoVIS-revision (wrev) 400
(of approximately 3100 as of writing).12 Three main actors
seem to dominate the stage, often strongly disagreeing with
other editors and each other: Ryulong, Masem and North-
BySouthBaranof (cf. Figure 5a). Frequently, other editors
are involved in these disagreements, but never for equally
long periods as these main actors, who are almost constantly
in disagreeing relations. One example is an intense mutual
disagreement of user EvilConker with Masem (Figure 5a) at
around wrev 480 about how the introducing “Background”
section should be written (indicated as well by the first major
spike in Figure 4b). Eventually, the content by EvilConker is
reverted back to the version before his intervention and the
user ceases the conflicting interaction. Several of these short-
lived, intense conflicts with various editors can be observed.
Yet, some distinct antagonists emerge – although often only
active temporarily – as e.g. users Torga and Diego Moya at
around wrev 510, or user Titanium Dragon at wrev 640, to
give just a few of many examples.

Although we cannot dive into the finer details extractable
with the whoVIS tool here, certain patterns in these interac-
tions become salient. (i) There are constant challenges of the
content written by the main three authors. (ii) The main three
authors challenge each other significantly as well, especially
Ryulong and NorthBySouthBaranof. (iii) The challenges of
content by less-dominant editors seem rarely to result in their
own content to be accepted in the article, while the main
three actors increase the amount of owned words, as we have
seen in Figure 4a.

The only major exception to this rule seems to be editor
The Devil’s Advocate, who, starting at around wrev 740, be-
gins rewriting and adding much content in the article, conse-

12wrev = whoVIS’s internal sequential numbering from the first
revision of the article to the last, starting at 0. The respective
Wikipedia revision-IDs can be gleaned from the whoVIS tool.
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(a) Contropedia Dashboard View based on the complete edit his-
tory of the article, from September 6, 2014 to February 2nd, 2015.

(b) Contropedia Dashboard View for the last period of edits be-
tween December 30, 2014 and February 2nd, 2015.

Figure 6: Contropedia’s dashboard view for article “Gamergate controversy”: a ranking of the most controversial elements in the
article, for the complete edit history (left) and after the draft article was merged twice, including the period when editor bans
were declared and enforced (right).

quently entering into major disagreements with other editors
about his/her changes. The Devil’s Advocate is henceforth
very active in disputes, as for example a major dispute start-
ing at wrev 2250 (cf. Figure 4b, second-to-last major spike).
Nonetheless, the editor can gradually increase influence in
form of originally written words in the article, as seen in
Figure 4a.13

As first conclusions of this very preliminary analysis, one
could infer that (i) while certain camp-like behavior exists
– e.g. many edit comments, especially in mutual disagree-
ments, are trivializing edits and content by putting them
into the dichotomous categories of either “pro-gamergate”
or “anti-gamergate” – the reality of the edit interactions is
much more complex than one would think from reading about
clear-cut pro-gamergate and anti-gamergate editor camps.
Somewhat clearer is the insight that (ii) it presumably early
on became very hard and unwelcoming for “average” editors
to sustainably contribute to the article without possessing a
high degree of boldness and endurance, such as editor The
Devil’s Advocate. Yet having only a group of such very bold
(and possibly strongly opinionated) editors be the main actors
and writers of an article might deter more moderate contribu-
tions, and moderating voices, and might have self-reinforced
the climate that eventually caused the banning of many par-
ticipants. As a conclusion for the article reader, the revisions
of the article up to January 2015 should be read with the
clear awareness about remnants of these – sometimes very
intense and possible biased – editor disputes in the article.
Even today a lot of content as a result from these disputes
still persists, as we will see in the following section.

13Hahnchen is the only other editor who contributed a sizable
amount of content, but did so early on and without notable con-
flict (the amount stayed almost constant at around 1,000 words
throughout the entire article – curve omitted from Figure 4a )

Exploring with whoCOLOR
While with whoVIS we can explore the editor interactions
and the contested content attached to them, this approach
might be too abstract or complicated for a casual reader who
is simply interested in which content is controversial or where
it is coming from in the current article revision s/he is reading.

With whoCOLOR, the reader can retrieve information
about the author and provenance of a word easily in the
browser as an intuitive annotation of the text while reading
the article.

We see in the provenance view, as shown exemplarily
in Figure 1, that the merging of the draft article, bans and
the activity of new editors seem to have had a diversifying
effect. While before the imposed topic bans and intervention
of new editors, some sections were written almost entirely
by the previously discussed dominant editors (Figure 1a),
currently14, (i) the overall share of words written by these
users has dropped dramatically (although still high) and (ii)
sections like “History” contain now content written by many
different users (Figure 1b). While this is not necessarily a
sign of quality in Wikipedia, it might be interpreted as such
here, as it can be presumed that more points of view on the
topic now found their way into the article.

Via the “Conflict View”, the user can also explore which
the most contested parts of the content have been so far. In
Figure 2 we see an example of a paragraph that was heavily
disputed in the article. It involves a statement, to paraphrase,
about “what description of their movement Gamergate sup-
porters have taken issues with”. The inspection of this word
sequence via the “Word History” feature further shows when
the main dispute about those words happened, how long it
lasted and who was involved (cf. Figure 3). We see that some

14As of 30.03.2015
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previously mentioned main actors in the article were most
involved in the dispute about whether or not to include those
exact words in the article. This is also the case for many other
disputes still remaining. By clicking on the arrow icons, one
can navigate to the Wikipedia diffs of those edits to also see
which words were proposed as an alternative.

Examining the whole article, the main controversial words
still present are concentrated in individual paragraphs, mainly
in the sections “History” and “Misoginy and antifeminism”,
and distributed over the whole document in sequences about
harassment, threads and alleged statements of individuals. A
reader using whoCOLOR is alerted to those controversies
and can hence interpret them accordingly.

Exploring with Contropedia
While whoCOLOR provides a very detailed tracking of each
single word, Contropedia focuses on substantial, disagreeing
edits involving wiki links (Borra et al. 2015b). As a relevant
concept or entity should be linked to the corresponding ar-
ticle, such linked elements are used as focal points around
which content and activity are aggregated. The controversy
score of an element is roughly based on the number of times
a sentence including the corresponding wiki link was substan-
tially edited in a disagreeing fashion. This approach reduces
the information the user has to process by giving a condensed
picture of the most central disputes. Contropedia’s dashboard
view (Figure 6) presents a ranking of these most controversial
elements (wiki links) in the article.

Figure 6a reveals that over the whole history of the article
the elements that were subject to most dispute were “Kotaku”,
“Video game journalism”, “Zoe Quinn” and “Misogeny”. The
dashboard also unveils elements that were highly controver-
sial in the history of the article but are currently not included
as wiki links; such elements are shown struck-through. This
is the case of “conflicts of interest” (visible in Figure 6a),
“Doxxing”, “Christina Hoff Sommers” and “Harassment”. By
expanding an element it is possible to see all the edits involv-
ing it, in a detailed table view. It becomes clear that among
other editors, the principal editors previously discussed as
well as many later-banned users were part of these main
disputes.

The dashboard view also presents a timeline for each el-
ement, showing in which periods it was increasingly edited
(gray horizon chart) and became more controversial (colored
bar). It can thus be seen that some elements, such as “con-
flicts of interest” or “gamer”, were disputed only in the first
two months of the article’s life, while others, such as “Sex-
ism”, “Culture war” and “Milo Yiannopoulos” started to be
heavily edited and disputed after the first month. Overall,
conflict seems to have cooled down over the last period of
the article’s life. This fact can also be seen more clearly
when restricting the exploration to specific intervals of time;
Figure 6b shows the dashboard view for the last period, in
which editor bans were declared and after the draft article was
merged twice. Elements such as “Kotaku” and “Zoe Quinn”,
at the center of the dispute when considering the whole his-
tory of the article, are no more among the most controversial.
Only “Video game journalism” and “Hashtag” remain in the
top of the ranking, while negotiations now take place around

other topics, such as “Media ethics”, “Vox (website)” and
“Sockpuppet (internet)”. Yet, the overall controversy has died
down considerably.

By aggregating content and activity around wiki links,
used as the entry points to explore controversies, the platform
offers an easy access to inspect the development of single
topics within an article, and helps the users to make sense
of the edit history. On the other hand, this approach could
in some case represent a limitation, for example in case of
controversies in sentences that do not contain any wiki link,
and therefore are not captured by the tool.

5 Envisioned Tool Synergies
An optimal visual tool aimed at enabling article development
transparency should make several aspects available to the
user: (i) the interaction patterns of the editors with the content
(e.g. edit sprints or words added by one editor) and with
each other, in terms of disagreement and how it is resolved
(e.g. conflicts/edit wars and resulting controversial content);
(ii) the development of the content over time (which content
was there first, deleted/reintroduced, replaced by which other
content, when was it disputed); (iii) a pre-selection and focus
on the most important (e.g., controversial) (a) content, (b)
users, and (c) time periods, so that the end-user does not have
to explore the complete potential space of edit information;
(iv) the overall “climate” of the article, given by aggregate
metrics about editor behavior; (v) an interface to explore all
these aspects over the revision history in one consolidated
environment.

In Section 4 we have seen how the tools presented previ-
ously each allow distinct but complementary insights into the
analyzed article. Some of their main features could hence be
combined to benefit from this complementarity and offer one
integrated solution.

Integrating whoCOLOR, whoVIS and
Contropedia
We envision an integrated platform that brings together the
functionalities of all three tools. Such a platform could offer
three main views, namely a “Controversy Mode”, a “Prove-
nance Mode” and a “Editor Network Mode” for exploration
of the article.

Controversy Mode In the Controversy Mode, the user
could first explore the current version of the article with
the Contropedia Layer View, for investigating the most im-
portant disputed concepts in the current article and in past
revisions and explore their individual conflict history. For a
less focused, but more fine grained analysis, the wikiCOLOR
Conflict View mark-up of the text would be provided in the
same fashion (not as userscript), highlighting all controver-
sial words and allowing to study their individual history.

Similarly, also Contropedia’s Dashboard View of the most
controversial elements could be complemented with a more
fine-grained view, showing the words that have been more
frequently deleted and re-added. This view would also unveil
words that are not currently present in the article but were
important objects of dispute during its previous history.
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As a constant top-navigation element in this Controversy
Mode, a graph over time and (optionally) revisions would
provide several article-wide conflict scores as now present in
the Contropedia timeline and in the whoVIS disagreement
and mutual disagreement line graphs. This graph would
also be used to select specific time frames to restrict the
calculation of the controversy scores of both views to certain
time or revision frames.

Additionally, “Word Profiles” for users could be provided,
highlighting the words most added and disputed by a user in
a Tag-Cloud and their main antagonists.

Provenance Mode Switching to Provenance Mode, the
user would see a view akin to the whoCOLOR authorship
mark-up (with article content and mark-up stored on the
platform), alongside the whoCOLOR authorship list. As a
secondary option, the user could display the “Word Owner-
ship” line graph of whoVIS to track the main contributors to
the article and the Gini coefficients for word ownership and
edits per editor.

Thirdly, an “Age View” could be provided, showing the
oldest and most recently added words.

Editor Network Mode The Editor Network Mode would
offer two network graph views: the whoVIS main editor
network and the network view offered by Contropedia (Borra
et al. 2015a). Both visualizations represent disagreement
networks, but in two complementary ways: while the former
represents mutual disagreements as distance in the graph,
to show emerging user camps as clusters of users, the latter
highlights actual interactions by placing closer editors that
interacted more with one another, but uses colours to convey
user camps, assigning the same colour to users who do not
interact (i.e. disagree) with each other, but interact with
the same other users. A third part of this mode would be
the option to display additional metrics for the network per
revision, such as those provided by whoVIS.

Integration of Modes The user would be able to jump
between different modes, keeping focus on a specific element,
or on a revision or timestamp or window of these. E.g.,
inspecting the editor network of revision 222, the user could
directly switch to the controversy mark-up of revision 222 to
learn about the most conflicted words at this revision.

Or, from an element or word in the dashboard view in the
controversy mode, the user could inspect the social dynam-
ics behind it by switching to the editor network and to the
provenance mode for the element.

Possible further additions
Wikidashboard A functionality to visually track edit ac-
tivity as implemented in Wikidashboard could augment the
Provenance and Controversy Modes.

HistoryFlow The graphical representation of word owner-
ship by HistoryFlow would be an optimal extension of the
Provenance Mode for inspection over time, given the under-
lying calculation of authorship is adapted to word instead of
sentence level, as provided by the WikiWho algorithm.

Wikireplay When inspecting a certain revision or window
of revisions, each mode could be linked to a Wikireplay
sequence of only that revision window or a window of 50
revisions leading up to the specified revision. In this way,
users could spot interesting parts of the article history in one
of the modes to then watch the replay of that specific editing
period.

6 Conclusions
We have presented a comparative analysis of three tools for
visually exploring the revision history of a Wikipedia ar-
ticle. We showed the results of applying our tools to the
“Gamergate Controversy” article, exploring editor disagree-
ment interactions and networks, as well as conflicted content
and provenance. We argued that these individual tools could
benefit from synergies by combining them, and we outlined a
possible solution for doing so and for extending them further
with other previously proposed tools. The envisioned combi-
nation of the features offered by these tools would improve
transparency in Wikipedia, augmenting the experience of
both readers and editors.

References
Adler, B.; de Alfaro, L.; and Pye, I. 2010. Detecting wikipedia
vandalism using wikitrust. Notebook Papers of CLEF 1:22–23.
Borra, E.; Laniado, D.; Weltevrede, E.; Mauri, M.; Magni, G.;
Venturini, T.; Ciuccarelli, P.; Rogers, R.; and Kaltenbrunner, A.
2015a. A Platform for Visually Exploring the Development of
Wikipedia Articles. In Proc. ICWSM.
Borra, E.; Weltevrede, E.; Ciuccarelli, P.; Kaltenbrunner, A.;
Laniado, D.; Magni, G.; Mauri, M.; Rogers, R.; and Venturini,
T. 2015b. Societal Controversies in Wikipedia Articles. In
Proc. CHI.
Dewey, C. 2015. Gamergate, wikipedia and the limits of ‘hu-
man knowledge’, http://goo.gl/T1VhTh.
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Abstract

Complex knowledge exchange processes in collabora-
tive knowledge building settings within Wikis can be ei-
ther supported by providing guidance in form of cogni-
tive group awareness information or by explicitly guid-
ing learners with the help of collaboration scripts. Po-
tentials of analysing and supporting discussants’ knowl-
edge building processes focussed on the level of talk
pages have still been rarely researched. Our research
project comprises a series of three experimental stud-
ies and one qualitative study to determine which kind of
support is most beneficial for varying types of learners
working with Wikis. For this research different fields
of computer-supported collaborative learning are inte-
grated and both quantitative and qualitative methods are
applied to provide comprehensive analyses in order to
provide opportunities for other related research. Pre-
senting and discussing aspects of our research and first
results could be beneficial for future research. Our find-
ings suggest that Wiki talk page users can benefit from
additional structuring aids.

Introduction
Due to the structures of common Wikis (e.g. Wikipedia
based on the popular software MediaWiki), collaborative
knowledge building within such environments especially fo-
cused on knowledge exchange via article talk pages as a
basis for discussions can be a challenging task for partici-
pants. Our overarching project goals are (1) to quantitatively
and qualitatively analyse knowledge exchange processes in
Wikis used in formal and informal educational contexts, (2)
to analyse and support communication processes between
authors and editors beneficially for learning, and (3) to de-
velop and evaluate Wiki modifications for more effective
and efficient collaboration and learning by structuring rel-
evant aspects of collaborative knowledge building.

Knowledge building has originally been defined as the
creation of knowledge as a social product (Scardamalia and
Bereiter 1994). A significant amount of research has been
conducted on how knowledge building and in consequence
learning processes can be backed by environments like In-
ternet discussion forums, blogs or Wikis that can be utilised
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for computer-supported collaborative learning (CSCL). Col-
laborative knowledge building in those settings can lead to
controversies and furthermore to socio-cognitive conflicts.
Such conflicts arising from contradictory information do
not have to be detrimental for learning (Mugny and Doise
1978). In collaborative learning scenarios making use of
socio-cognitive conflicts plays an important role. Conflicts
that emerge if an individual is confronted with a different
perspective contradictory to its own cognitive representa-
tion can lead to reorganisation and reconstruction of cog-
nitive processes and furthermore to a success in learning, if
the achievement of a consensus is required or desired (Bell,
Grossen, and Perret-Clermont 1985).

Some research that has been conducted in recent years
in the area of knowledge building and arising conflicts espe-
cially in Wiki contexts is grounded on Piaget’s constructivist
school of thought (Cress and Kimmerle 2008). According
to the proposed Co-Evolution Model of cognitive and so-
cial systems, analogous processes of internalisation and ex-
ternalisation can be found on the individual as well as on
a Wiki’s system level and mutually influence each other.
At every level there are manifold possibilities for socio-
cognitive conflicts to arise out of contradictory information
or points of view if an individual cognitive system’s knowl-
edge base dissents the social system or vice versa.

Supportive measures for dealing with conflicts that have
proven to be effective for learners in different contexts range
from deployments of implicit guidance approaches, e.g. im-
plementation of cognitive group awareness tools (CGATs)
(Janssen and Bodemer 2013), to more explicit instructional
methods, e.g. instructional designs through collaboration
scripts (Dillenbourg 2002). Wiki talk pages can comprise
hidden potentials for knowledge building processes that
should be made more salient to interested users by providing
guidance to those readers as formal or informal learners in
the underlying discussion threads.

On the one hand, the deployment of CGATs that gather
and visualise knowledge-related information have been suc-
cessfully implemented as implicit measures to structure col-
laborative learning processes (Bodemer and Dehler 2011).
Visual feedbacks as external representations of group aware-
ness information have been realised as multidimensional
graphs or highlightings specific aspects of interest. Such
visualisations can be helpful cues for readers of large on-
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line forum discussions to navigate through the contents and
select the most relevant information, e.g. based on ratings
of contribution quality or agreement to a certain statement
(Buder et al. 2015).

The development and evaluation of such CGATs assist-
ing collaborative knowledge exchange processes could be
further supported by Natural Language Processing (NLP)
to (semi-)automate processes where normally manual mod-
eration by administrators or superusers would be inevitable.
Computational advancements and research on NLP In recent
years yielded into more sophisticated libraries, tools and
frameworks (e.g. DKPro TC) for analyses in Wiki-related
contexts (Daxenberger and Gurevych 2014). These devel-
opments allow researchers to conduct broader and deeper
Wiki-based evaluations of text fragments as shared knowl-
edge artefacts with special regards to the identification and
processing of controversies and to possibly enable authors
and editors to manage subpar structured information more
effectively.

On the other hand, explicit guidance methods such as in-
structional designs through collaboration scripts have been
proven itself as effective measures for significant learning
effects in different contexts (Johnson, Johnson, and Tjosvold
2000). In Wikipedia’s history also one specific instructional
set has emerged that can be referred to as script for collabo-
rative writing, i.e. the proposal of the Bold, Revert, Discuss
cycle (Wikipedia:BRD 2015). Collaboration scripts have to
be designed cautiously and should meet several criteria to be
beneficial for individuals (Dillenbourg 2002). The possible
generation of unintentionally high cognitive load through
over-scripting of individuals or groups might lead to un-
wanted adverse effects on outcomes.

In recent Wiki research, explicit instruction sets to im-
prove collaborative revision processes through scripting
methods have produced promising results (Wichmann and
Rummel 2013). The successful implementation of a script
for collaboration with a focus on increased coordination
prior to any integration of knowledge artefacts in a Wiki set-
ting can lead groups to produce more coherent texts and to
generate less redundant revisions. The group that worked on
the article without any script as control wrote shorter arti-
cles, revised the articles less frequent and produced less co-
herent articles compared to the scripting condition.

In addition to the aforementioned opportunities an explic-
itly structured workflow can provide for Wikis, the level of
coercion as an indicator for the degrees of freedom a collab-
oration script provides has a measurable impact on the learn-
ing success (Papadopoulos, Demetriadis, and Weinberger
2013). Higher coercion in scripted collaboration led to better
learning outcomes, achieved by being encouraged to deeper
elaborate the learning materials and by lowering extraneous
cognitive load.

Because of a Wiki’s two layer distinction of article view
and its corresponding talk page discussions Wikipedia and
most Wiki applications in general differ fundamentally from
classic threaded Internet discussion forums that have been
analysed more extensively. However, fairly little research
has been conducted specifically on those Wiki article talks
as a layer for potentially relevant knowledge exchange pro-

cesses. Therefore, it is of particular interest to us how au-
thors, editors and readers in (in-)formal Wiki learning set-
tings can be further supported by means of implicit and/or
explicit guidance aids to benefit from socio-cognitive con-
flicts arising from controversies that are led by opposing ev-
idences rather than not proven personal opinions.

In addition to that, our research project covers the influ-
ences of specific cognitive and personality constructs that
empirical investigations have identified as relevant for learn-
ing processes when dealing with controversies and conflicts.
These constructs are an individuals (1) need for cognitive
closure (Webster and Kruglanski 1994) as an indicator for
ones personal preference to either seek or avoid ambiguity
and (2) epistemic curiosity (Berlyne 1954) as a personal de-
sire for acquiring knowledge and individual motivation to
learn new ideas, eliminate information-gaps, and solve intel-
lectual problems. Both constructs are potential mediators for
successful learning and should be considered for further im-
plementations and design recommendations especially when
dealing with controversies and socio-cognitive conflicts pri-
marily in (but not limited to) educational contexts.

Furthermore, we are not solely interested in the effec-
tiveness of implicit and explicit guidance measures on the
learning success. Taking our considerations one step fur-
ther, although our main focus lies on the analyses of Wiki
talk pages, we are also interested if and how our design im-
plementations can lead to qualitative improvements on the
article level by facilitating the integration of multi-faceted
points of view.

For our whole project scope of analysing supportive
mechanisms for different types of learners in Wiki settings,
we have conducted a number of four studies to date. In
the first two experimental study, implicit structuring aid as
CGATs were implemented to (a) support learners to focus
on relevant evidence-led controversies rather than onto not
content-related discussions (Heimbuch and Bodemer 2014)
and (b) to provide social navigational cues based on author
expert ratings to identify and potentially resolve controver-
sies. For the remaining two studies, we were particularly in-
terested in (c) the experimental comparison of two differ-
ently focussed collaboration script approaches (Heimbuch,
Uhde, and Bodemer 2014) and (d) a qualitative analyses of
the status quo of how authors and editors collaboratively
work together in articles in Wikipedia.

Methods
The projects’ studies implement varying degrees and types
of learners support (implicit vs. explicit guidance), focussed
on informal learning via conflicting information provided on
Wiki talk pages. Learning materials are differing in topics
(e.g. mass extinction of dinosaurs, pirate personalities etc.).
As an important common ground for all studies we are es-
pecially interested in the presence of content-related contro-
versies that are led by evidence, i.e. relevant research, rather
than personal opinions.

The initial two studies covered explicit guidance with col-
laboration script while the first study (work in progress) was
a non-experimental qualitative analysis of present data and
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for as a second study (completed) we deployed an exper-
imental setting to analyse two variations of collaboration
scripts. To research different implementations of implicit
guidance measures we conducted a third study (completed)
on cognitive group awareness and a fourth study (work in
progress) on social navigation. In the latter three experimen-
tal studies the individual levels of need for cognitive clo-
sure was measured with the German 16-item scale 16-NCCS
(Schlink and Walther 2007). Additionally, in the third and
fourth study we have also measured epistemic curiosity with
the German 10-item scale ECS (Renner 2006).

First study - work in progress
In this study we were specifically interested in a status quo
analysis of Wikipedia content creation processes. We were
conducting exploratory qualitative process analysis to de-
termine whether we are able to identify any processes that
can be either matched to the original by Wikipedia proposed
Bold, Revert, Discuss script (BRD) or our alternative pro-
posal of a Talk first, Consensus, Revise script (TCR), as we
have experimentally deployed for the second study, or any
other identifiable process of contemporary content creation
in Wikipedia.

Therefore, we were randomly sampling a number of
Wikipedia articles that had to fulfil several criteria for inclu-
sion in further analytical steps, e.g. minimum article length,
number of revision, number of editors, corresponding talk
page length. Subsequently, articles and their respective talk
pages and revision histories have been segmented and pre-
pared in order to perform matching to sub-processes of both
scripting approaches.

Second study
As an associate study to the ongoing qualitative analyses on
Wikipedia’s status quo of collaborative knowledge building,
we developed a controlled laboratory setting with N = 28
participants who were paired into fourteen dyads, aged be-
tween 19 and 43 (M = 23.29, SD = 5.72). Two differ-
ent collaboration scripts were implemented into the experi-
mental Wikis and compared against each other as the inde-
pendent factor. Each dyad was randomly assigned into one
or the other scripting group. Figure 1 illustrates the exter-
nal visual representations of the corresponding collaboration
scripts that was permanently visible to each article editor.

The experiment’s BRD script is a simplified adaptation
of the original Bold, Revert, Discuss article creation work-
flow proposed by Wikipedia, whereas the alternative TCR
script is self-developed inspired by previous research on co-
ordinated work in Wikis where higher level of coercion to
discuss before editing was enacted.

The framework concerning the contents of this study has
been on a pirate captain for whom contradictory information
on several aspects of his life exist. At first, both participants
in a dyad had to establish a common ground on the topic
by reading the same basic article that has been derived and
by original Wikipedia articles. Followed by that, opposing
historical facts (learning material A or B) was presented to
either learning partner, in order to enable the emergence of
socio-cognitive conflicts between editors.

———————————————————————

Figure 1: External representations for the article editors’
view of the BRD script (top) and TCR script (bottom).

The common task for participants in both groups was to
collaboratively author the basic article by editing existing
paragraphs or adding entirely new knowledge artefacts to the
article. After the collaborative writing task both participants
had to answer a first multiple choice test (t1) that should only
be completely solvable if contents of both additional learn-
ing materials A and B have been made known to each part-
ner. Additionally to the first knowledge test, approximately
two weeks later we conducted a post-test with a different set
of multiple choice and open questions (t2). A total number
of N = 22 participants of the original study have completed
this post-test. We also measured the individual levels of need
for cognitive closure with the 16-NCCS to analyse possible
influences on article quality and performance in both multi-
ple choice tests.

Third study
The design of this study on cognitive group awareness com-
prised a single independent factor with three levels was ran-
domly varied across the study. The three experimental con-
ditions reflect differing implicit structuring degrees of addi-
tionally implemented cognitive group awareness support on
controversy information for a number of 24 Wiki talk page
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Figure 2: Illustration of a talk page excerpt for all experi-
mental groups: no Support (top) vs plain controversy high-
lighting (middle) vs controversy status highlighting (bot-
tom).

Figure 3: Illustration of the added visualisations for the ex-
perimental group.

discussions (Figure 2).
Study participants in the two supported groups with ad-

ditional visualisations in the page’s table of contents were
primarily focussed on meaningful and relevant discussions
in order to complete the task of editing a basic Wiki article
by themselves. A total of 81 university students (58 females
and 23 males), aged 18-30 (M = 27.70, SD = 2.76), were
randomly assigned to the three experimental groups.

Fourth study - work in progress
For this study on implicit guidance with social navigation,
we deployed a two factorial design with the addition of a
external representation of author ratings as first factor and
a three level variation (content-related vs formal vs social)
of presented controversy types as second factor (Table). Fig-
ure 3 depicts the visualisations added to each author on our
experimental Wiki talk pages. The visualisation is split into
two parts, (1) a badge representing an author’s rank as ex-
pert in the specific domain he is currently editing and (2)
an adaptation of a Like-representation, similar to popular so-
cial networking communities, for each author in a discussion
thread.

Participants received a total number of fifteen talk page
excerpts, either with the above illustrated modifications (cf.
Figure 4) or an unmodified Wiki view. After reading a dis-
cussion each participant hat to fill out a number of short
questions and ratings on the presented controversy in a dis-
cussion thread. As dependent variables we were collecting
data on the number of correct assignments of controversy
types, difficulty ratings on the complexity of the different

Figure 4: Excerpt of an experimentally modified Wiki talk
page discussion.

(A) Own (B) Partner’s
perspective perspective Total

Bold script 12 2 14
(8.5) (5.5)

Talk script 5 9 14
(8.5) (5.5)

Total 17 11 28

Table 1: Frequencies of answers to a test’s open question in
consideration of different learning materials A and B.
Note. Values in brackets refer to the expected frequencies.

kinds of controversies and several log data such as process-
ing times of the presented talk page discussions.

Results and Discussion
With respect to the current status of the whole research
project, parts of the second studys results are still prelim-
inary and will be partly described with a more qualitative
focus. Results for studies 2 and 4 cannot be presented to
date, because of the ongoing data acquisition that will be
completed by May 2015.

Second study
A t-test for independent samples on the knowledge test
scores at t1 could not reveal any significant differences be-
tween participants using the Bold script (M = 10.86, SD =
1.79) and Talk first script users (M = 11.86, SD = 2.71),
t(26) = −1.15, p = .130, d = 0.44. Likewise for the post-
test scores at t2 the were no significant differences between
the Bold group (M = 8.33, SD = 1.87) and Talk group
(M = 8.46, SD = 2.18), t(20) = −0.16, p = .440, d =
0.06.

Evaluation of open questions on the study’s controversial
topic at t2 revealed that individual participants in the Talk
script group integrated significantly more often the point of
view of the learning partner in their answers (χ2(169) =
7.34, p = .007, φ = .51) (cf. Table 1). This script facilitated
the discussion on the controversial aspects of the differing
learning materials A and B and enabled more differentiated
answers on the topic compared to the Bold group.
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Figure 5: Multiple single-step mediation model on the mul-
tiple choice test results. ** p < .01, *** p < .001

Participants in the Talk first script group discussed sig-
nificantly more than those in the Bold group, t(19.20) =
−2.28, p = .017, d = 0.96. In this regard both scripts
worked as intended as the Talk group was explicitly encour-
aged to discuss controversial contents upfront before per-
forming any edits.

We could not find any significant differences in the re-
sulting article lengths between Bold script dyads (M =
1202.57, SD = 99.43) and Talk script dyads (M =
1218.43, SD = 153.69), t(26) = −0.32, p = .374, d =
0.12. It should be kept in mind that participants in the Talk
script group spent significantly more time on coordinating
and reaching consensus about the final article contents.

As a measure of article quality we counted the number
of newly added knowledge artefacts to the basic article.
We could not reveal significant differences between Bold
script participants (M = 9.43, SD = 2.07) and the Talk
script group (M = 8.43, SD = 2.71), t(26) = 1.10, p =
.141, d = 0.41.

Third study
Learning success was measured by a fifteen item multiple-
choice knowledge test with three distractors and one attrac-
tor. Overall, participants have correctly answered on average
M = 9.85(SD = 2.11) out of fifteen questions. Analy-
sis of variance could not reveal any measurable differences
on learning success between the three investigated groups,
F (2, 78) = 0.03, p = .968, η2 < .01.

We have further investigated the knowledge test scores
between all three experimental groups, considering the
different categories of discussion threads (solved vs un-
solved controversies vs residuals) as mediators in a par-
allel multiple single-step mediation analysis (Figure 5). If
students received a more detailed degree of implicit guid-
ance (controversystatus > plainhighlighting) and spent
more time on intensively reading unsolved conflicts, they
performed significantly better in the multiple-choice knowl-
edge test.

Analysis of variance using planned comparisons with
an orthogonal Helmert-contrast revealed that in the unsup-
ported control group significantly more topics on the arti-
cle’s talk page were selected, compared to both supported
groups (controversy status / plain highlighting) (F (2, 78) =

Figure 6: Average accumulated reading times in seconds of
differing discussion thread categories.
* p < .05, ** p < .01, *** p < .001

Group Sequence Support
(thread number) (pattern frequency)

No support 1, 2, 3, 5, 7 14
Plain highlighting 5, 8, 14, 16, 19 14
Controversy status 5, 8, 14 16

8, 14, 19 15
5, 8, 19 13

Table 2: Most frequent closed sequential patterns.
Note. Bold print numbers represent the studies most relevant
topics (solved [8,14,19] / unsolved [5,16,24] controversies).

3.80, p = .027, η2 = .09), indicating a more focussed se-
lection and reading behaviour by providing implicit guid-
ance. This results of a more selective and focussed reading
behaviour in either guidance group is further supported by
analysing reading times partitioned into the study’s different
topic categories (Figure 6).

Most frequent closed sequential patterns using CM-ClaSP
algorithm (Table 2) indicate that guidance towards the po-
tentially most relevant discussions of interest worked as in-
tended in all experimental groups. In either of the implicitly
guided groups, participants preferred to select and read the
most relevant topics containing evidence-led conflicting dis-
cussions at first. In contrast, participants without additional
guidance (no support) showed the tendency to follow a less
focussed top-down reading strategy.
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General Conclusion
Overall, our results indicate that both strategies of provid-
ing additional structuring aids with a focus on Wiki talk
pages by implementing cognitive group awareness repre-
sentations and by providing a specific collaboration script
related to socio-cognitive conflicts produced promising re-
sults in terms of focussing readers attention towards relevant
aspects and facilitating more perspective taking in learners.
Furthermore, the results demonstrate that guiding readers
and potential editors of articles towards relevant evidence-
led discussions containing opposing points of view can lead
to measurably higher learning success under certain circum-
stances when considering the individual differences in rele-
vant cognitive variables such as the need for cognitive clo-
sure. Due to the fairly small sample size of study C, but
yet producing some encouraging results, replications are
planned in the laboratory as well as a quasi-experimental or
field study deploying a different content-related framework.
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Abstract 
Informational wars are not new phenomena. However, now-
adays, with the increasing role of the Internet and the 
growth of networked sources that rely on collective intelli-
gence, manipulation of the information online, especially in 
supposedly trustworthy sources, becomes of a special inter-
est. Indeed, biased information that is uncritically believed 
may shift the individual incentives and let those who are re-
sponsible for the manipulation virtually affect the flow of 
the history. This proposal is for a paper that intends to in-
vestigate the conflicts and changes in the Wikipedia articles 
before their topic became salient as a result of a certain po-
litical event. The paper proposes that such changes may be 
suspected to be a part of the preparation of the public for the 
event. 

 Background   
Informational wars are intended to manipulate information 
and communication among individuals in favor of one side 
of a conflict, with the aim to affect public opinion, both 
domestically and abroad. Informational wars on the coun-
try level are not a new phenomenon: all major conflicts in 
modern history, including those before WWII, were ac-
companied by informational wars (Streich and Levy 
(2014)). Nowadays, they mostly happen implicitly: each 
side of a conflict insists on their rightness and often wants 
to persuade not just their own population, but the interna-
tional community as well, that their position is correct. My 
proposed project examines informational wars on online 
collaborative information sources. 

Predictably, outside opinions affect people’s behavior. If 
this is the case, then propaganda actually works. Conse-
quently, observing instances related to the manifestations 
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of the pro-state biased information, it may be difficult to 
disentangle cases resulting explicitly from the state’s secret 
projects, for instance, such as comments coming from paid 
state-hired employees, so-called state trolls, and comments 
from unpaid brainwashed state supporters. One of the pos-
sible ways to separate these two types is based on the time-
line: if a certain online activity starts to occur before a cer-
tain topic becomes salient, then this activity may be sus-
pect as part of the ideological preparation of the public. 
Hence, this may provide proof that an unexpected event 
was actually anticipated, and that certain ideological pre-
paratory steps were taken by the state, which may be de-
nied later. 

For a government involved in an informational war, this 
war has (at least, potentially) a substantial number of 
fronts: social networks, ranked in terms of their popularity; 
independent opposition news and analytical sources, both 
domestic and foreign; their own, i.e. pro-state, media 
sources that must pretend to be independent and look 
trustworthy. The front this work intends to look at is one of 
the most independent and credible instances of collabora-
tive independent information source - Wikipedia. Given 
these features, tracking the signs of its inclusion into a 
sphere of an informational war becomes extremely com-
pelling. Wikipedia is a completely open-source project 
where all changes are open for external analysis that makes 
this analysis feasible. 

 

Wikipedia: Methodology 
Despite the fact that any user can modify information on 
Wikipedia, all updates are moderated by administrators to 
a certain extent. Their roles are especially important in 
cases of vandalism or informational conflicts. Supposedly 
unbiased administrators are elected by the Wikipedia 
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community by request (Wikipedia (2015)). As Das et al. 
(2013) claim, Wikipedia administrators might manipulate 
the information and mold public opinion. In their article, 
the authors gave an example of the Israeli-Palestine debate 
when, according to certain evidence, a political advocacy 
group had plans to make certain administrators were elect-
ed to influence the debate.  

 Furthermore, there have also been prominent scandals 
involving "administrators for hire", who offer "edit for 
money". Hence, it is predictable that actors of an infor-
mation war will attempt to act through administrators. An-
other option is when modifications to create an information 
bias are simply overlooked by trustworthy administrators 
because they do not possess enough expertise on a topic. 
This might be the case, when such modifications occur 
before the topic becomes salient. In this case these modifi-
cations are likely to be linked to the forces that are aware 
of upcoming, supposedly unexpected, events. 

Importantly, as said before, all of the data on modifica-
tions, conflicts, and affiliations of administrators is availa-
ble and can be extracted. Furthermore, extraction might be 
restricted topic-wise and time-wise. The method for the 
analysis of the hypothesis that a high activity for a given 
topic in Wikipedia is likely to be a part of an information 
war is as follows: 

1. Create a timeline of the political events related 
to a given information war; 

2. Narrow the set of salient topics for these 
events; 

3. Create a timeline of an expected salience of the 
topic, i.e when a topic is dormant, when is it 
slightly salient, when is it extremely salient, 
etc; 

4. Express these topics in terms of the Wikipedia 
articles available; 

5. Set up the programmed filter and extract the da-
ta on Wikipedia activity in terms of the changes 
and attempts to modify information within this 
set of articles; 

This hypothesis is supported if a topic's activity on Wik-
ipedia is significantly higher than usual before this topic 
becomes salient, based on the timeline of political events. 
Case Study: Ukrainian-Russian conflict, 2014-2015 
I would like to start my analysis of informational wars on 
the Internet by looking at the case of the Ukrainian-
Russian conflict in 2014-2015. The Ukrainian side claims 
that the core reason for the conflict was unexpected Rus-
sian aggression, starting with the annexation of Crimea on 
March 1, 2014, and, then, continuing with a hybrid (unde-
clared) 
war in the Eastern Ukraine (Miller and Wert (2015), Lazar 
(2014)). Despite extensive proofs of the presence of Rus-
sian forces, Russian officials have denied any Russian 

military presence. Meanwhile, from the very beginning of 
the situation, the Russian state-television had been empha-
sizing the danger for "the Russian-speaking population of 
Ukraine" coming from the new Ukrainian government that 
attained power after the Ukrainian revolution of 2015. This 
might have affected the primarily pro-Russian population 
of the Eastern Ukraine, preparing the grounds for the ap-
pearance of the military separatist regimes, Lugansk Peo-
ple's Republic (LPR) and Donetsk People's Republic 
(DPR). 

For the proposed study, the most crucial part of this situ-
ation concerning the former brother-nations is the informa-
tional. Indeed, according to a substantial number of profes-
sional and journalist experts, the war situation in the East-
ern Ukraine could not have been sustained for so long was 
it not accompanied by Russia's extensive informational 
support.  

The aim of this study is to relate the timeline of the 
Ukrainian crisis 2013-2015 and the dynamics of the con-
flicts, and the general activity on Wikipedia on topics con-
cerning common Russian-Ukrainian history and the Cri-
mea Peninsula. To test the validity of the hypothesis that 
"rewriting history" in Wikipedia might have been of the 
Russian propaganda, an excessive activity on the relevant 
wikipages must be observed prior to the annexation of 
Crimea. 
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Abstract

We propose to study the influences of Wikipedia’s poli-
cies on navigation in Wikipedia and describe our meth-
ods to study navigational biases, assess the guidelines
provided by the Manual of Style, and investigate the
neutrality of navigation.

Introduction
When browsing the Web, users typically have certain ex-
pectations and are influenced by cognitive biases. One
such example is position bias: Humans are known to ded-
icate more of their attention towards the top of a page
or a list (Payne 1951; Salganik, Dodds, and Watts 2006;
Lerman and Hogg 2014). Users generally scan Web pages in
an F-shaped pattern (Nielsen 2006), dedicating more time to
areas where they expect to find the most important elements
such as a navigation bar or the introduction.

On the English Wikipedia, one of the most-visited Web-
sites worldwide, articles tend to have a rather rigid struc-
ture. For example, the first phrase usually puts the article
title in context to more general concepts, and category links
are generally located at the bottom of the page. Because
of this fixed structure, users likely have certain expectations
about where to find links or specific pieces of information.
In the first part of our analysis, we study expectations and bi-
ases present in Wikipedia navigation by comparing a range
of biased navigation models to a Wikipedia clickstream.

The policies and guidelines Wikipedia editors follow to
structure articles are developed by the community and col-
lected in the Manual of Style (Wikipedia 2015a). Many of
these policies also affect navigation on the Wikipedia net-
work. As an example, categories, lists and navigation tem-
plates are all navigational aids described in the Manual of
Style. All three elements are purposely redundant—all can
be used to navigate to related articles, and they are intended
for different user preferences. In the second part of this
work, we analyze the influence of these policies and guide-
lines on navigation in Wikipedia by evaluating the click fre-
quencies to structural elements intended for navigation.

One of the most fundamental principles of Wikipedia is its
neutral point of view (Wikipedia 2015c), which the commu-
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Figure 1: Fractions of links and Clicks. The figure shows
the links as a fraction of the total number of links present
and the clicks as a fraction of total clicks. In case of mul-
tiple occurrences of a link, we assumed clicks were equally
distributed. This figure uses data from roughly 4600 articles
from the English Wikipedia. The figure shows that links lo-
cated near the the top of pages were clicked more frequently.

nity strives to enforce on articles. While great care has been
dedicated to the neutrality of Wikipedia’s textual content,
neutrality in terms of the Wikipedia link network has re-
ceived comparatively little attention. In the third part of this
work, we analyze Wikipedia’s neutral point of view from a
navigational perspective and investigate to what extent this
principle holds true for notions of navigation such as reach-
ability or centrality in the Wikipedia link network. We as-
sume that for concepts of equal importance and familiarity,
such as the two major candidates of a U.S. presidential elec-
tion, Wikipedia would expect both to be reachable equally
well. To evaluate this hypothesis, we first analyze the paths
leading to both of these articles and then take into account
user expectations and biases.

Contributions: We conduct a broad evaluation of the ef-
fects of Wikipedia’s policies on navigation, investigate the
usage of a range of navigational aids in Wikipedia arti-
cles and study the question of neutrality in navigation and
reachability. Our results constitute a first step towards an
evaluation of Wikipedia’s policies, specifically in terms of
Wikipedia’s link network.
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Materials and Methods
We use data from the February 2015 English Wikipedia
Clickstream (Wulczyn and Taraborelli 2015), which con-
sists of all clicks from and to articles in the English
Wikipedia in February 2015. We only use data for clicks
leading to and from Wikipedia articles and drop all clicks
from and to external Web sites.

Comparison of navigational influences
To investigate influences on navigation, we use Markov
chains based on several potential navigational influences.
Specifically, we construct first-order Markov chains, which
have been found to be a fitting model for Web naviga-
tion (Singer et al. 2014). We first construct a Markov chain
for the English Wikipedia and compute transition probabil-
ities from the clickstream data. Next, we model a range of
navigational influences as Markov chains as well and eval-
uate how well they are able to explain the clickstream data.
We investigate the following influences:

• Biased towards selecting a link in one of the areas of in-
terest (infobox, lead, . . . )

• Bias to link target generality (as measured by indegree)

• Bias to popularity (as measured for example, by fre-
quency of occurrence in search engine queries)

• Random (serving as a baseline)

To compare these to the clickstream, we compute the sta-
tionary distributions of the Markov chains and compute their
correlation. We then evaluate a combination of these influ-
ences to best fit the clickstream data.

Assessment of navigational aids
As a first step towards the evaluation of navigational aids
on Wikipedia, we empirically analyze the distribution of
clicks to the infobox and the lead section. We use data from
roughly 4600 articles (matching those of the 2007 Wikipedia
for Schools selection), which we obtained from the English
Wikipedia in March 2015. Figure 1 shows that generally
speaking, the vast majority of links (over 90%) are located
outside the infobox and lead section. However, weighting
links by their click frequencies shows that 26% of clicks oc-
cur inside the lead section.

By Wikipedia policies, a link should appear only once
in an article [...] but may be repeated in infoboxes, tables
[...] and at the first occurence after the lead (Wikipedia
2015b). We find that this leads to repeated occurrences
for around 25% of links in our data. As the clickstream
dataset does not include information on the exact position
of clicks, we distribute click frequencies uniformly to all oc-
currences of a link. Since Web users have been found to
dedicate more attention to the top of pages (Nielsen 2006;
Lerman and Hogg 2014), this approach is likeley overly con-
servative. When we assume clicks always occurred on the
first occurrence of a link and repeat the analysis, the frac-
tion of links clicked in the lead section increases to 43%. It
appears likely that true fraction lies somewhere in between
26% and 43%.

This first result shows that Wikipedia users dedicate a
large share of their attention to the lead section. Policies
affection the lead section of articles therefore have a sub-
stantially larger effect on issues of navigation.

We intend to extend this analysis to further areas of in-
terest, such as the first 1000 words in an article, lists, cate-
gories, and navigation templates.

Neutral Navigation

Writing articles from a neutral point of view is one of
Wikipedia’s core principles, and articles are expected to
present all significant viewpoints in proportion to represen-
tation in reliable sources on the subject (Wikipedia 2015c).
While the Manual of Style dedicates much attention to tex-
tual neutrality, the subject of neutrality in links is only briefly
touched upon. In this analysis, we investigate neutrality in
terms of navigation. We start with comparing the reachabil-
ity of several pairs of high-profile articles such as the two
major candidates for the U.S. presidential election. We dis-
tinguish two cases:

• For articles for which we assume equal importance in
February 2015 (such as the two candidates for the 2015
Chicago mayoral election), we count the number of visit
as detailed by the February 2015 Wikipedia Clickstream
dataset.

• For articles with presumably equal importance before
February 2015 (where we do not have detailed click-
stream data), we count the number of inlinks, weight by
overall visit counts of the referring pages and compute
PageRank centralities.

We intend to perform this analysis to a range of compara-
ble topics, such as competing corporations (e.g., Airbus and
Boing) or brands (e.g., Nike and Adidas), where we would
assume public interest and familiarity to be approximately
equal. Our investigation will also take into account the im-
portance of links, as detailed by our analysis of biases and
the Wikipedia clickstream dataset.

Proposed Objectives

We aim to come up with both an assessment of the current
state of navigability on Wikipedia as well as a set of sug-
gestions for future improvements. For example, a simple
remedy could be the removal or addition of links, guided by
methods similar to (West, Paranjape, and Leskovec 2015).
More subtle changes could be made by adapting the per-
ceived importance of links based on our study of navigation
biases exhibited by Wikipedia users—for example, by mov-
ing a link towards the top of the page, or by adding an arti-
cle to an additional category, thus increasing its visibility to
users and making it more likely to be clicked on.
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Abstract 
Is it an encyclopedia or a social network? Without consider-
ing both aspects it would not be possible to understand how 
a worldwide army of editors created the largest online 
knowledge repository. Wikipedia has a consistent set of 
rules and it responds to many of the User Engagement 
Framework attributes, and this is why it works. In this pa-
per, we identify these confirmed attributes as well as those 
presenting problems. We explain that although having a 
strong editor base Wikipedia is finding it challenging to 
maintain this base or increase its size. In order to understand 
this, scholars have analyzed Wikipedia using current metrics 
like user session and activity. We conclude there ex-
ist opportunities to analyze engagement in new aspects in 
order to understand its success, as well as to redesign mech-
anisms to improve the system and help the transition be-
tween reader and editor. 

1. Introduction   
Wikipedia has become the paradigm of collaborative crea-
tion success as well as an icon of Internet possibili-
ties. Since 2001, it has grown to 4,5 M articles in the Eng-
lish edition and 34 M in total counting the 288 languages 
in which it is available. However, the most surprising is 
that this process has been made a reality by thousands of 
editors who have devoted their free time, converting it into 
a free product for mass consumption, while aiming at 
“gathering the sum of all human knowledge". Moreover, it 
is used all over the world use it, and this is confirmed by its 
position in the top 10 Alexa rank1 of most visited sites. 
 Many researchers have tried to understand how the sys-
tem works, or in other words, what the pillars of its success 
are. User Engagement framework defines the attributes 
which constitute an engaging experience (O’Brien and 
Toms 2008). Reliability, trust and expectation, richness 
and control are some which have been studied by scholars 
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on Wikipedia. Their results help in explaining 
how engagement occurs on both the reader and editor 
sides. Yet, there are some attributes presenting room for 
improvement detected almost five years ago; overall usa-
bility and the design of particular communication channels 
could be revised in order to mitigate frustration. 
 The duality between the two groups of users, readers and 
editors, has acted similarly to a feedback loop system; new 
content availability helped to popularize the encyclopedia 
and improved the position for searchers, which in turn in-
creased its use and its editing base in order to create new 
articles. Suh et al. (2009) explains this growth as a self-
reinforcing mechanism, the more valuable Wikipedia be-
came the more contributors joined it and gave value to it. 
Although during the 2015 first quarter the number of edi-
tors increased2, the general trend during the last few years 
has been a soft decline. Ortega, Gonzalez-Barahona and 
Robles (2008) found that a very engaged minority of edi-
tors was responsible for most of the activity, and Stuart and 
Halfaker (2013) verified that those who joined in 2006 are 
still the most active group.  
 Thus, questions like how readers become editors or how 
to raise writing activity have become relevant to the com-
munity, Wikimedia Foundation and scholars (Okoli 2014). 
Triggered by them, researchers applied some of the most 
usual metrics in user experience, such as session analysis, 
in order to analyze the different types of editors. Wikipedia 
is a very suitable object for analysis with longitudinal data 
and every action performed tracked in its databases. 
 The aim of this study is to put together all the stud-
ies from the perspective of readers and editors perspective 
to give an integrated overview; we want to understand 
the uses and difficulties users encounter during their expe-
riences. We want to see how they engage and disengage, as 
stated by Attfield et al. (2011) in the definition “the rela-
tionship they establish at a behavioral, emotional, and cog-
nitive level”. 

                                                
2 https://meta.wikimedia.org/wiki/Research:Active_editor_spike_2015 
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 We begin by examining studies concerning some aspects 
of engagement in Wikipedia; then we review their attrib-
utes and how they have been described. We assess the state 
of the community with its social and structural characteris-
tics; we want to see its composition, current engagement 
and its growth possibilities for growth by attracting new 
editors. Next we review all the available literature that ana-
lyzes readers and editors, both by using metrics based on 
user activity, community and topics. Finally, we argue for 
some improvements proposed to current research and out-
line future engagement research. 

2. How Wikipedia engages 
Wikipedia has been approached in numerous peer-
reviewed academic articles both as a data source and as a 
study object to understand how it works (Okoli 2009). Alt-
hough many facets of the encyclopedia have been studied 
profoundly, no research covers directly its quality of en-
gagement as a whole, either for readers or editors, to un-
derstand how a combination of factors contributes to its 
quality and repeatable experience. 

2.1 Wikipedia as an everyday tool 
Engagement studies have been applied to many different 
contexts, from games and educational sites to e-
commerce and online news (O’Brien 2008). The broad ap-
plication of the concept has brought very different out-
puts; literature has differentiated everyday engagement 
from games and other kinds in the sense that it is a less 
immersive experience (Lalmas and O’Brien 
2014). Wikipedia is this kind of engagement; the encyclo-
pedia has become an object integrated into our everyday 
work and personal lives. Wikipedia usage has been report-
ed in foundation studies3 as divided into different devices 
including phones, tablets and personal computers. Wikipe-
dians often multitask and edit Wikipedia while watching 
TV, even chatting in IRC Wikipedia dedicated channels or 
any other social network. 
 Although editors and readers behave differently depend-
ing on the role they are taking, their behavior repeats over 
(Stuart and Halfaker 2013). Surveys and analytical studies 
identify some users who spend several hours a day. A usu-
al behavior is to switch from article to article using their 
wiki hypertextual structure. Explorative navigation allows 
us to frame Wikipedia use as an inter-site engagement, the 
kind of experience in a network of pages in the same site 
(Yom-Tov et al. 2013). 

                                                
3 http://upload.wikimedia.org/wikipedia/Editor_Survey_Report_-
_April_2011.pdf 

2.2 User Engagement Framework 
User Engagement has been an evasive concept to define, 
for it has been used to express qualities similar to attract-
ing, captivating or enticing depending on the study (Lal-
mas and O’Brien 2014; Chapman, Selvarajah and Webster 
1999). Some researchers grounded it to psychological theo-
ries like Flow, Play and Aesthetics, which can explain dif-
ferent aspects of it (O’Brien and Toms 2008). Flow, for in-
stance, describes the state in which there is attention, con-
trol and an intrinsic interest (Csikszentmihalyi 
1997). Many studies presented engagement as a quality of 
user experience with certain attributes that influence or 
compound it. O’Brien and Toms (2008), in their User En-
gagement Framework, listed them as challenge, aesthetic, 
sensory appeal, feedback, novelty, interactivity, aware-
ness, motivation, interest and affect. Additionally, the du-
ration of the experience or its repetition has been consid-
ered a clear indicator of engagement (Attfield et al. 2011). 
 From the site manager perspective, creating engagement 
is positive as it gives continuity to its users. Wikipedia 
aims at creating high-quality information through the en-
gagement of a broad and multilingual community. As a 
website its success depends on its qualities to captivate edi-
tors as well as to give content to fulfill readers' expecta-
tions. Engagement attributes like reputation and trust, nov-
elty and attention are more linked to the readers, while user 
context, motivation, usability and positive affect in addi-
tion influence editors more directly.  
 I discuss each of the most common attributes in en-
gagement research and their relation to Wikipedia studies. 

Reputation, trust and expectation 
Wikipedia’s reputation has always been questioned along 
with its reliability. Readers need to know if the content 
they are reading is trustable; an Encyclopedia created by a 
group of anonymous people initially seemed audacious and 
doomed to failure. However, in 2006 a study compared it 
with the Encyclopedia Britannica and showed that it had 
fewer errors (Giles 2005). One study showed that the better 
the coordination between editors, the higher the quality of 
the articles (Kittur and Kraut 2008). Wikipedia’s main ed-
iting rule is to reach a Neutral Point of View (NPOV) with-
in each article. Instead of objectivity, a contrast of different 
positions and their representation in the text is required to 
editors for an article to have quality. 
 An issue threatening content quality is vandalism. It is 
confronted with policies and bots, which can restore old 
content and ban the user who is misbehaving. Generally, 
authors work on articles providing all the available data 
and references. Lucassen and Schraagen (2010) in a study 
developed the features by which an article is considered 
valuable (text, images, references). Likewise, the commu-
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nity considers which articles have quality characteristics of 
quality and list them in ‘featured articles’.  In the end of 
the day, expectation depends on the use intended and Wik-
ipedia is often reported as a background information re-
source (Head and Eisenberg 2010) 

Novelty 
Wikipedia’s welcoming message is “the free encyclopedia 
that anyone can edit”, and it should add “at any time”. Im-
mediacy is one of the virtues of the site, which translates 
into almost a real-time event conversion into a Wikipedia 
article – any political elections or celebrity deaths are up-
dated by a hectic group of editors. This coverage is not as 
instantaneous as in the social network Twitter, but it pro-
vides a rich information background to understand reality 
that fulfills readers’ expectations (Osborne et al. 2012). 
Complementary to the sense of familiarity or met expecta-
tions being met, novelty can also promote re-
engagement as it calls us to something new and unexpected 
(O’Brien and Toms 2010). In Wikipedia the sense of nov-
elty and surprise appears when readers find updated infor-
mation and additionally do ‘hypertextual reading’, that is 
jumping from one page into another in the search of under-
standing and exploring new concepts (Zhang 2006; Leh-
mann et al. 2014). 

Attention 
Attention is a characteristic of engagement, which is de-
fined in detriment of any other activity. The state of flow, 
which implies attention, has been reported both while read-
ing or writing (Csikszentmihalyi 1997). Lehmann et al. 
(2014) studied reading patterns and detected four main be-
haviors, which were named: focus, trending, exploration 
and passing. She found that the state of concentration on 
reading is very related to the kind of content and task users 
are performing - that can be learning about a topic or 
checking a specific date. Also, Wikipedia is accessed in 
very different circumstances, for instance the scenario of 
multi device access by readers and editors. Focused atten-
tion may appear in some behaviors while using Wikipedia, 
although this is not the unique type of engagement gener-
ated by the encyclopedia. 

User context and motivation 
The continual use of a system depends on multiple contex-
tual factors that can facilitate it or totally discourage 
it. Wikipedia is accessed multi device, which enhances task 
division, like saving information for later, as well as 
providing an adaptation to multiple momentary informa-
tional needs (Pande 2011). In order to contribute, editors’ 
behavior is often explained by motivation studies, which 
try to understand what are the reasons that push somebody 
into an action. Nov (2007) found by surveying editors that 

fun, ideology and community values were significant in a 
non-reward scenario like Wikipedia. Other important rea-
sons for editors were the same process of learning skills, 
socializing with other peers and developing a writing ca-
reer. Complementary studies (Yang and Lai 2010) proved 
that a self-concept based motivation is the most important 
in Wikipedia; reputation within a community after accom-
plishment, gaining autonomy and even experienc-
ing reciprocity were found relevant. 

Richness and control 
Play theory explains that an activity involving creativity or 
learning satisfy social and psychological needs, and aspects 
like competition and collaboration are promoted (Rieber 
1996). The sense of learning through different levels until 
achieving user’s expertise has been defined as “richness 
and control”. In Wikipedia, editors go through a process of 
learning to edit according to policies and by means of sev-
eral tools. For instance, user pages act like a sort of per-
sonal profile, where editors leave messages to other edi-
tors. Another interesting tool is the ‘watchlist’, which ena-
bles following several Wikipedia articles. The progression 
within the community, in order to become a fully operative 
editor, can be considered challenging and stimulating. Alt-
hough the increased complexity has been also reported as a 
cost with negative impact on production (Suh et al. 2009). 
 At the very first stage, editing has been considered diffi-
cult due to aspects like the wiki-markup, a similar language 
to html with specific tags native to the MediaWiki system 
which Wikipedia uses. Several issues regarding site usabil-
ity (“poor interface”, “cluttered") have been reported in the 
context of using Wikipedia as a pedagogical tool (Raitman, 
Augar and Zhou 2005). In 2012 a MediaWiki extension, 
VisualEditor provided a What You See Is What You Get 
Editor4 in the same way as editing in a word processor to 
solve some of this issues. Wikimedia Foundation has re-
leased tools for translation and language switching, mainly 
solving initiated editors’ needs in their usual writing tasks. 

Positive affect 
Positive affect has been reported as an attribute of en-
gagement that can improve task involvement at an early 
phase (O’Brien and Toms, 2008). When users are still dis-
covering how to operate within a system, receiving posi-
tive emotions helps in building the relationship 
and creating loyalty. In Wikipedia editors learn to edit by 
trial and error; sometimes when they contribute to an arti-
cle, their edits are eliminated by more experienced editors - 
they are ‘reverted’. This is considered a necessary behav-
ior, although sometimes due to the lack of communication 
it has had very negative effects on new contributors 

                                                
4 http://en.wikipedia.org/wiki/Wikipedia:VisualEditor 
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(Halfaker, Kittur and Riedl 2012). Reducing conflict is a 
way of improving user experience, since negative emotions 
have been associated to disengagement eventually causing 
lack of involvement (O’Brien and Toms 2008). Laniado et 
al. (2012) found that emotions and dialogue in a peer-
production community like Wikipedia were mainly found 
in article discussion pages; sentiment-analysis showed that 
emotions took forms of emoticons or virtual gifts. In the 
list of recommendations they there is encouragement of 
positive tone, appropriate wording, as well as providing 
new ways of channeling negative feelings. 

Aesthetic appeal 
Another common characteristic of engaging systems is 
their aesthetic appeal (O’Brien and Toms 2008), in the vis-
ual aspects of the interface as well as in other graphic ele-
ments. Wikipedia has evolved since its very beginning in 
2001, always along the visual standards of an encyclopedia 
with a clear and plain interface, but including a great as-
sortment of images. Some of them are included in initia-
tives like the most beautiful picture of the year. Images are 
uploaded in the commons repository and are free to 
use under this license. However, Wikipedia is timidly ap-
proaching the audiovisual, with very few videos illustrating 
articles. So far, no research has studied Wikipedia in this 
particular aspect. Aesthetics is considered an important as-
pect of engagement but clearly only one aspect (O’Brien 
and Toms 2008), and not the most remarkable. 
 Most of the User Engagement Framework attributes find 
some representation in the scholarly studies based on the 
online encyclopedia. The completeness of mechanisms, 
contexts of use and applications help in providing an expe-
rience that millions of readers and editors are repeating 
daily. Endurability or the capacity to create a memorable 
and worth sharing experience has also been linked to en-
gagement (O’Brien and Toms, 2008). The fun while creat-
ing articles was reported an important motivation to con-
tinue on their activity (Nov 2006). But in the beginning an 
editor starts with the joy of a reader, then after understand-
ing and knowing the system better in aspects like reliability 
and novelty, decides to progress with learning the rules and 
tools, and finally engages in a contributing activity without 
never stopping being a reader. 

3. State of the community 
The state of the community has been a general concern for 
scholars ever since Wikipedia attained its sudden success 
and growth around 2007. The following year, studies start-
ed appearing in order to quantify statistically how contribu-
tions are divided between editors. Although the results 
from scholars and the same Wikimedia Foundation were 

not alarming5, the community stopped growing in absolute 
numbers - editors were joining and leaving Wikipedia at a 
very similar rate. This slight decline of editors acted as a 
trigger for analytical research to work on it during the later 
years, and for some researchers to develop metrics and hy-
potheses on how editor retention works (Halfaker et al. 
2014; Suh et al. 2009). Here we select the most important 
studies, paying special attention to those that give explana-
tions on the causes of why new editors are the ones leav-
ing. 

3.1 The inequality of contributions: the de-
cline of editors 
Perhaps the first article that studies Wikipedia as a com-
munity and quantifies user work was from Voss (2005). He 
examined in German Wikipedia the distribution of distinct 
authors per article and found that they were following a 
general power law and the number of distinct articles per 
author followed a Lotka’s Law. These statistical distribu-
tions explained that a minority created a great majority of 
the content. When Wikipedia had already achieved great 
popularity, Ortega (2008) widely validated these results us-
ing the top-ten Wikipedia languages editions. In order to 
calculate the level of inequality in the contributions, he 
used the Gini coefficient and found that more than 90% of 
the content can be attributed to less than 10% of the com-
munity. This remained constant for every language history.  
 Suh et al. (2009) examined different kinds of work and 
their weight in editors’ activity and found that coordination 
(maintenance and discussion) or bureaucracy (formulating 
and discussing policies) was taking time that would have 
been instead dedicated to article creating. As everywhere, 
they suggested bureaucracy was part of the process of get-
ting to system maturity. In addition, other authors like But-
ler, Joyce and Pike (2008) had already affirmed that the 
complexity of Wikipedia with its roles and policies acted 
as a bureaucracy. In 2012, other studies found that the 
community had decreased by a third (Halfaker et al. 2013). 
During those years of impasse, the slowing growth of Wik-
ipedia articles was explained by an even increasing activity 
by the very active users and a diminished activity from the 
middle group of editors. One year later, it was demonstrat-
ed that editors who joined in 2006 were still more active 
than any other annual group (Stuart and Halfaker 2013) 
and the editors who were leaving were the new ones. 

3.2 Identified barriers for new editors 
In his study, Halfaker et al. (2013) confirmed the hypothe-
sis of a settled bureaucracy acting as a barrier for new edi-

                                                
5 http://strategy.wikimedia.org/wiki/Editor_Trends_Study 
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tors. While norms were revised and expanded, new ones 
did not emerge at the same pace since 2006. Furthermore, 
newer editors were finding their policy propositions most 
likely rejected compared to previous editors, and this did 
not stop them from contributing to essays and community 
governance, but it was a clear restriction to overall activity. 
 Panciera, Halfaker and Terveen (2009) investigated both 
qualitatively and quantitatively the nature of editors’ ac-
tivity. They found a recurrent pattern in every future high 
activity editor; when new Wikipedians made a large num-
ber of edits initially, the probability of becoming a highly 
active editor increased by 18%. These results explain why 
there is a certain kind of new editors who adapts to the bu-
reaucracy with ease, even though these results are contra-
dicted by the difficulties of the remaining editors, of whom 
unfortunately 60% never made another edit after the 24 
hours of registration.  
 In a similar manner, another recurrent struggle for new 
editors is receiving reversion or rejection of their edits by 
experienced editors (Halfaker, Kittur and Riedl 2011; Suh 
et al. 2009). By returning to previous versions of an article, 
editors protect content from vandalism. However it has al-
so been proved that when performed to new editors it dras-
tically effects their future activity (Halfaker, Kittur and 
Riedl 2011; Zhang and Zhu, 2006). This resistance makes 
it hard for newcomers to penetrate in daily Wikipedia ac-
tivities. In the worse case scenario reverts do not include 
feedback but negative comments. From the engagement 
theory perspective, the consequences of a negative revert 
were creating an interruption which brought disengage-
ment (O’Brien, 2008). In other cases, when the editor was 
already familiar with the community he took being revert-
ed as a learning experience (Halfaker, 2011) and increased 
the quality of their work.  
 So far, all studies conclude that it is essential to channel 
better communication in the initial phase for a new editor. 
Event notification and conversation channels are found to 
encourage engagement in online communities (Millen and 
Patterson 2002). Wikipedia has user spaces and discussion 
pages dedicated to each article, but researchers should 
study if the asynchronous communication they provide is 
not enough for current community needs. In this sense, 
Halfaker et al. (2011) proposed an interface change 
to inform editors about to revert a newcomer edit. After 
testing it in a trial group, he found that a simple warning 
message could improve the involvement and content quali-
ty from editors with different degrees of experience.  

3.3 The breach between readers and editors 
In addition to understand editor retention, an important fo-
cus of study has been directed to the transition from read-
ers to editors. For most of the studies, the role of the reader 

is considered as a second-class user, a passive user (“lurk-
er”), compared to an active and well-coordinated contribu-
tor. However, this division only reinforces the difficul-
ties of becoming an editor, instead of considering that a 
reader is a possible future editor still in a learning 
phase. Antin and Cheshire (2010) deployed a survey 
among 165 participants and found that readers become fa-
miliar with functional details and policies from the ency-
clopedia. Many contributors did not acknowledge the edit-
ing button and, instead of being self-interested they could 
be better defined as cautious. Similar results were found in 
a laboratory and remote testing organized by the Wiki-
media Foundation6. Readers often did not notice all inter-
face elements and felt often overwhelmed. 
 Halfaker, Keyes and Taraborelli (2013) discussed the 
implications of receiving new contributions and the neces-
sity for moderating them. In his study, to help in bridging 
the transition between reader to editor, he introduced a new 
tool called “Article Feedback”. It was implemented as a 
new UI layer on the Wikipedia article interface with the tag 
“Improve this article”. After testing different tag promi-
nence based scenarios, he could see that many readers used 
it to give their impressions, reflecting that the possibility of 
editing went unnoticed for many. His conclusions were 
that although unproductive edits and comments may ap-
pear, the proportion of good new edits still benefits the de-
velopment of Wikipedia. 

4. Measuring Wikipedia engagement 
Due to its social and technical characteristics, enabling 
content sharing and interaction, Wikipedia has become a 
kind of “living laboratory” ideal for research (Suh et al. 
2009). Every content change and editor action are stored in 
databases and XML dump, which are regularly provided 
by Wikimedia Foundation. From a content perspec-
tive, Wikipedia is the output of engagement; from the 
community, it is a technical artifact where editors perform 
actions in a journey across topics and articles.  
 Available engagement studies are primarily interested in 
measuring users’ endurability, how they want to return to 
Wikipedia. They want to know if it fulfills any of their 
needs and if it creates a memorable experience (Lalmas 
and O’Brien 2014). Most of the engagement measurements 
in Wikipedia do not link to any of the attributes which we 
previously explained, but study its impact on editor behav-
ior to characterize the state of the community and prod-
uct development. Likewise, there is scarcely research dedi-
cated to understand reader behavior. 

                                                
6 http://usability.wikimedia.org/wiki/Usability_and_Experience_Study 
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4.1 Wikipedia editor metrics 
Basically, two main types of engagement metrics are 
used, session and activity. They are divided regarding time 
and the specific actions performed. The smallest portion of 
a user activity is an edit, which includes text changes in 
any page: articles, user pages, and discussions. The rate at 
which an editor saves revisions to pages can vary substan-
tially based on their wiki-work habits and the kind of activ-
ity they are engaged in. Some even work in a text proces-
sor and later paste their work before submitting.  
 In User Engagement, a same type of website (e.g. news) 
can give very different results when analyzing the same 
metrics (Lehmann et al. 2012). For instance for a user, time 
spent in a site in a single session (known as dwell time), 
can be either indicative of entertainment or not finding 
what they are looking for. In the case of Wikipedia, editing 
work can be considered as the longer the session time the 
more engagement. But what is a session? The concept 
“session” has several definitions; they share in common the 
acceptance of a period with queries and a following one 
dedicated to examination. Stuart and Halfaker 
(2013) examined sessions in and found a habitual inactivity 
threshold at one hour in a distribution of actions over time. 
 Absence time or the time between visits is also im-
portant because it allows understanding of recurrent behav-
iors (Dupret and Lalmas 2013). Intersession analysis ex-
plains how this absence time is linked to the kind of action 
to be performed immediately afterwards, hence 
the existence of difference behavior patterns. Stuart and 
Halfaker (2013) studied and detected behavior patterns at 
the within session and between level in Wikipedia. He sus-
pected that there would exist different session lengths and 
found three differentiated distributions: within-session 
(minutes), between-sessions (days) and extended session 
breaks (months).  The advantage of measuring sessions is 
that they provide unequivocal information on labour. The 
metric edit count (number of edits) per user, although it 
may have much importance to some editors, does not give 
any detail on what kind of actions have been performed - 
the length of an edit could be an entire article, a comma or 
a comment in a discussion page. When quantifying wiki 
changes number of bytes is taken into consideration. How-
ever, there is no best metric since it depends on the context 
of the study and research question.  
 At a community or a multi-user engagement level, net-
work metrics can explain complex dynamics among editors 
on a single article or a mesh (Kaltenbrunner and Laniado 
2012). Other studies have shown that mixing discussion 
and edits in network analysis could explain a quality in-
crease by means of editor coordination (Kittur and Kraut 
2008). Kaltenbrunner and Laniado (2012) analyzed real-
time events, the articles that covered them and their Wik-
ipedia discussions, and found that they reached depth that 

would take years for other types of articles. In other words, 
depending on the topic and the speed of reply engagement 
varied in developing discussions and further editions.  
 Taking everything into account, the maturity of the ex-
isting metrics applied to Wikipedia is relatively high. They 
respond to most of the situations that could characterize the 
community or individual behavior. However, activity can 
boil down to many differentiated tasks - adding new con-
tent, contributing to a discussion, correcting typos or trans-
lating articles. There is still a possibility of studying this 
specific area of task specialization and different types of 
user since there is no study focused on it.  

4.2 Wikipedia reader metrics 
A recent reader behavior study takes popularity, by means 
of pageviews per article, and reading session characteris-
tics (Janette et al. 2014). They presented different readers’ 
behaviors in a complex method using clusters of activi-
ties. Similarly to Halfaker et al. (2014), they separated 
reading activity by sessions and took the sequence of pages 
visited before disconnection – considering a session divid-
ed by more than 30 minutes elapsed between two succes-
sive activities of a user. They characterized the reading be-
havior of an article by calculating per month the average of 
Article Views, Reading Time and Session Articles. Arti-
cles exhibited different reading patterns that she named as 
focus, trending, exploration and passing. Interestingly, they 
could see that reading patterns responded more to topic in-
terest and informational needs like looking for specific data 
or learning about a subject than the actual article quality. 
Focus behavior was mainly defined by time spent reading 
the article, exploration by using related articles, trending 
had high popularity in the number of views, and passing 
was exploring articles but not returning to them. Also, they 
compared reader and editor preferences by measuring cor-
relation between page-views and length and number of ed-
its. With only a 0.22 (article length) and 0.16 (edits), there 
was a non-alignment between reader and editor prefer-
ences. Two main conclusions were found in the article: 
reading behavior depends less on the article quality but 
more on the article topic, and editors’ interests are often 
too specific and not aligned to readers’ interests. 

4.3 Topical coverage and content interest 
Identity is a key aspect of any social media site (Kietzmann 
et al. 2011). The Wikipedia community provides user and 
discussion pages where editors can express this sense of 
self, but as a social network we could interpret topic pref-
erence as a way of expressing identity. Specially, when dif-
ferent degrees of activity were found depending on the ar-
ticles subject (Janette et al. 2014; Kaltenbrunner and Lani-
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ado 2012). Even though editors are entitled to represent a 
neutral point of view in each article, the articles they con-
tribute to or discuss might define them as the sum of their 
personal interests. The contrast between group interest with 
the Neutral Point of View (NPOV) policy and the personal 
has been seen as unavoidable (DiStaso 2012). Furthermore, 
several behaviors indicate that editors might have identifi-
cation with the content they write. A study by Janette et al’ 
(2014) showed editors' interests did not equal to readers’ 
interests. That is, editors do not write pending on which 
topics are popular or require improvement but on personal 
preferences. Also, depending on the article topic, editors 
discuss with faster replies, sometimes arguing in the mid-
dle of a controversy; they write in talk pages at a different 
speed leading to very different discussion length (Kalter-
brunnen and Laniado 2012). Not to mention that a certain 
sense of content ownership has been also detected as sig-
nificant (Halfaker et al. 2009). In a repository like Wikipe-
dia where articles are not directly signed, some editors fol-
low the articles they previously edited in order to protect 
them from changes they might not accept. Wikipedia re-
quires articles not to be signed directly, but users post in 
their personal pages the articles they have finished and 
other similar accomplishments. Wikipedia topical coverage 
aims at gathering all human knowledge in an encyclopedic 
way, but it is also the sum of all editors’ interests. This is 
reflected in an 80% of content related to social sciences 
and culture (Kittur and Bongwon 2009), from history 
events to pop celebrities. Also, different communities have 
shown different topical coverage distributions (Hecht and 
Gergle 2010; Miquel and Rodríguez 2011), with content 
unique to each of them and with around 20% related to 
events, geography and culture local to each Wikipedia lan-
guage. All in all, creating meaning has been considered an 
attribute of engagement in previous research (O’Brien and 
Toms 2008). Therefore free topic election can be seen in 
Wikipedia as a way of developing editors’ identity and en-
hancing engagement. Future research should analyze in de-
tail the variability of engagement based on content. 

5. Conclusions and Future Lines 
In this paper we presented several studies that revised en-
gagement attributes. On the readers’ side, the achieved lev-
el of content reliability and constant adaptation to new 
world events are key to explaining Wikipedia’s success. 
On the editors’ side, aspects such as intrinsic motivation 
with the goal of a free encyclopedia and the sense of gain-
ing autonomy in a community are important. Attributes 
like ‘richness and control’, ‘positive affect’ may be contra-
dictory. For instance, usability and the user interface have 
often been discussed as a source of frustration. The new 
visual editor WYSIWG might be helpful in this sense, but 

finding new ways of improving communication issues and 
reducing learning curve would be helpful to increase en-
gagement. We suspect attributes like sensory appeal or aes-
thetics are not studied due to the type of object.  
 The editing community has been declining in numbers 
since 2008. The active editors from older generations are 
mainly in charge for most of the activity nowadays de-
ployed in the encyclopedia. The problem of not retaining 
new editors has been explained by the calcification of 
some rules, difficulty in the use of tools and the frustra-
tion caused by reverts that are not well communicated. One 
study showed that changing slightly the feedback to a new 
user whose edits were reverted could have a positive sig-
nificant impact in not decreasing their future activity. 
 Measuring engagement has been one of the last Wikipe-
dia aspects researched by scholars. While editor metrics 
can characterize individual and group behavior, reader 
metrics are relatively unexplored. However, one of the few 
studies on reading patterns found that content is read dif-
ferently depending on the topic and this is reflected in the 
number of page views and the session length. Topic cover-
age focused on social sciences and popular culture also 
shows that editors engage differently depending on the 
content. All in all, this suggests us that a plan on how to 
meet new editors’ interests and improve their welcome 
with proper communication (Morgan et al. 2013) can be a 
way to help them overcome the initial learning phase. 
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Abstract

The activity of passive content consumers on social
media sites is typically difficult to measure. This pa-
per explores the activity of a subset of such consumers
by looking at the influence on Wikipedia pageviews of
one large Reddit community which frequently links to
Wikipedia articles. The subreddit used in this analysis,
/r/todayilearned (TIL), features a large number
of posts on an eclectic set of topics, but excludes cur-
rent events, which helps rule out the primary threat to
being able to make causal statements. Wikipedia’s pub-
lic hourly pageview data provides a unique opportunity
to study the influence of a Reddit post on a Wikipedia
page at different time horizons.
We here present analyses using posts from 2012 in TIL,
showing that the week in which a post references a spe-
cific Wikipedia article is associated with a substantial
increase in pageviews relative to prior and successive
weeks. We then apply functional PCA to the dataset in
order to characterize pageview dynamics. We also pro-
vide a qualitative analysis of the subset of Wikipedia
topics posted to Reddit.

Introduction
Wikipedia has a close but complex set of interactions with
other social media. Often used as a casual citation or repos-
itory of general knowledge, its common use as a reference
on forum sites and media aggregators makes its metadata
a valuable resource for the analysis of passive user activity
on social media websites. On many of those sites, statistics
on passive activities such as viewing a page or clicking a
link are either not collected or simply unavailable to most
researchers. In the case of links to Wikipedia, however, the
data is public and thus we are able to measure these activi-
ties.

Given data from a social media site, a relationship can
be extracted and analyzed between observable attributes

Copyright c© 2015, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

of posted links to that site and the number of Wikipedia
pageviews. Due to the high temporal resolution of Wikipedia
metadata, analyses of activity on the referencing forum, at
least with respect to posts using Wikipedia links, may be
conducted via analyses of resulting Wikipedia activity. We
validate this claim in the Timeseries Analysis section.

Furthermore, this usage in general provides documented
cases of reader interactions on Wikipedia, a context which
we believe is also unstudied. While Wikipedia forums and
edit histories are both well documented and well studied
in the literature (Welser et al. 2011), the vast majority of
Wikipedia activity is passive consumption of content (Antin
and Cheshire 2010). Due to the assumed causal nature of our
joint Wikipedia-Reddit activity, we have a relatively closed
environment in which we may study this browsing activity.

In the current work we present preliminary empirical re-
sults detailing how links to Wikipedia propagate through
a subsection of Reddit, an aggregation and forum site,
and how popularity on that site affects Wikipedia us-
age. We conduct an analysis of approximately 30,000
Wikipedia links posted on a subsection of the site called
“/r/todayilearned”, also known by its abbreviation
“TIL”. This represents approximately one year of activity
on this subsection, also known as a subreddit.

We produce net pageview response curves for the posted
links, and provide a short analysis of these curves, including
an analysis of their functional principal component decom-
position. We fit general count models to investigate the rela-
tionship between Wikipedia and Reddit. We then provide a
qualitative analysis of the Wikipedia categories of each link.
The analysis of passive response curve for social media sites
and aggregators we believe to be relatively unstudied in aca-
demic literature due to the scarcity with which these data are
found.

Wikipedia as a Sensor
For many social media applications and studies, the collec-
tion of passive activity time series is both desirable and, un-
fortunately, unobtainable. While in many cases direct action
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(link sharing, posting, commenting, etc.) may be tracked
(Leskovec, Backstrom, and Kleinberg 2009; Mathioudakis
and Koudas 2010; Lerman and Ghosh 2010), for a general
post (Tweet, Reddit Post, Digg Post, etc.) the passive view-
ership life-cycle remains publicly a mystery.

Individual sites generally do not publish user logs with
pageview activity. Even for sites that mainly provide links as
content (so-called social media aggregators), due to the het-
erogeneous nature of the linked-to sites recovering pageview
counts is generally difficult to the point of intractable, espe-
cially with respect to recovering time series data.

Wikipedia, however, provides somewhat of a remedy for
this situation; pageviews for every Wikipedia page are pro-
vided by Domas Mituzas and the Wikipedia Analytics team.
These are collected every hour on the hour. This means
that, for posts that specifically involve a wikipedia page, this
count may be used as a proxy of the passive activity of users
with respect to the post. In particular, for Reddit, which di-
rectly links each user to a given site, we receive an upper
bound on the amount of passive activity a post receives. If
we further assume that the hourly number of pageviews over
the course of a week is roughly equal in expectation to the
same time series for either of its adjacent weeks, then, as-
suming no other “special” events occur, we can recover the
passive activity curve of a Reddit post by subtracting the
succeeding week from the preceding week. This relies on
effective post life cycles being shorter than one week, some-
thing enforced by Reddit’s default sorting algorithm, which
prioritizes new content.

Wiki Background and Terminology: Before providing
results we will review the relevant Wikipedia terminology.
Wikipedia is composed of pages or titles, each with a cor-
responding URL. Associated with most pages are cate-
gories, loose tags which associate the page with other, sim-
ilar pages. Outside of a top layer of categories (of which
two kinds exist), little structure is provided. There are 24,739
unique categories observed in our observational window.

Reddit Background and Terminology: We will also re-
view here the relevent terminology particular to Reddit as
a social media aggregator. As a site Reddit is comparable
to Pinterest or Tumblr (and indeed interesting comparisons
can be made), in that content is usually not generated by the
site itself but taken from other sites. Reddit is at the extreme
in this sense, in that, except for text based “self-posts” and
comments, the site does not host any of its own content, and
simply links to other sites. All three communities are almost
entirely user driven, and Reddit is also usually user moder-
ated.

Reddit’s content is focused around the post, also referred
to as a submission. Each post consists of a link and/or lightly
formatted text, as well as a title. The posts may then be
voted on by other users (by default each post is upvoted
by its author, the user that submitted the post). An upvote
indicates reader approval, while a downvote indicates disap-
proval. Posts are ordered on Reddit’s pages using one of five
algorithms. The default algorithm is called hot and is pre-
dominantly impacted by submission times, quickly cycling
out old content. In general it is conjectured that most users
do not vote (Van Mierlo 2014), and the volume of votes is

at best an upper bound of the number of actual voters due
to bot participation and Reddit’s built-in bot fighting algo-
rithm which artificially inflates vote counts. Voting is Red-
dit’s lowest form of active participation. (Salihefendic 2010)

Figure 1: A typical example of Reddit’s front page interface.
This particular UI has been augmented with a tool called
Reddit Enhancement Suite, which adds additional options
and information.

As well as hosting the links, Reddit hosts comments,
which facilitate discussion of the main content by users.
Though not the focus of this paper, it should be known that
the content of these comments can become quite complex,
and may affect voting.

Reddit is subdivided into subreddits, each of which fo-
cuses on a some category or theme. The creation and cu-
ration of the subreddits is user motivated. Upon access-
ing Reddit, each user is presented with the so-called “front
page”, a landing page which includes a mix of all of his
or her chosen (subscribed to) subreddits. Users not logged
in will be presented with a mix of default subreddits. All
new users are also automatically subscribed to the defaults;
“/r/todayilearned” is one such default subreddit. In
general most subreddits are not viewed by more than a small
fraction of the userbase. There are more than 90, 000 subred-
dits, and individual ones will often establish their own rules
and guidelines on submitted content.

In this paper we focus on the behavior of only one subred-
dit, “/r/todayilearned”, often abbreviated to ”TIL”.
This particular subreddit focuses on content that contains in-
teresting yet not widely known information, and allows only
a single form of submission - a link and a title. Examples
include a post titled

”TIL An American gymnast with a wooden leg won six
medals, including three gold, in a single day at the 1904
Olympics. He was the only Olympian to have com-
peted with a prosthetic limb for the next 100 years, until
2008”

linking to wikipedia.org/wiki/George Eyser, and a post titled

”TIL that a young Pablo Picasso had to burn his own
paintings for warmth in his freezing Paris apartment”

linking to wikipedia.org/wiki/Pablo Picasso#Before 1900.
The subreddit has a rule for submissions that explicitly states
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”No news or recent sources. News and any sources
(blog, article, press release, video, etc.) more recent
than two months are not allowed.”

During our observational window over 18% of the posts on
/r/todayilearned were Wikipedia links, and by the
end of 2012 the subreddit was one of the 10 largest sub-
reddits with over 2 million subscribers, making it ideal for
this study.

Data Structure and Effect Duration: Both the Reddit
and Wikipedia data have straightforward count structures for
their votes and pageviews respectively.

We model each Reddit submission as a shock to the cor-
responding Wikipedia pageview count. These shocks may
vary in strength. Furthermore, there is no explicit end to the
shock period because the submission is never erased, but we
observe that even a popular submission will not be able to
maintain a high page ranking for more than a few days un-
der the default hot algorithm. Ranking within the subred-
dit corresponds to visibility and thus passive viewing of the
link itself. Clearly then, a wiki link submitted on reddit can
be analyzed as a temporary shock rather than a permanent
one. Because the subreddit does not allow current events or
sources less than two months old, we generally do not ex-
pect there to be other external shocks to the same page at the
same time.

Wikipedia on Reddit
Before analyzing the combined content, we present a short
analysis of the performance of Wikipedia links on TIL. Our
dataset consists of approximately 50 weeks of content, span-
ning most of 2012; we recorded every post possible, mean-
ing that, with exceptions for deletions, server errors, and pri-
vacy policies, we have every post made to the subreddit dur-
ing that time window.

While not a majority of the content on the subreddit,
Wikipedia links account for 17.69% of the total posted con-
tent, which rises to 18.89% after removing deleted posts.
This is about 30000 individual links, and is the leading do-
main of content (followed by “youtube.com” and self-posts
to TIL). As seen in Figure 1, out of domains with over
100 submissions, wikipedia clearly dominates the submis-
sion pool.

Domain Number of Links
en.wikipedia.org 30005

youtube.com 8636
self.todayilearned 5893

imdb.com 2713
imgur.com 1470
reddit.com 1216

Table 1: Top Domains ordered by number of submissions.
“en.wikipedia.org” is clearly the leading domain.

Wikipedia links also accumulate more upvotes, down-
votes, netvotes, and comments than other links. The distribu-
tions of each are obviously skewed, as most posts in general

receive only a few (less than 5) votes total (and one com-
ment), while a very small minority of posts receive thou-
sands. We thus report the Wilcoxon Rank Sum test as well
as usual summary statistics, found in Table 2.

Medians All Wiki Non-Wiki WRS p-value
Upvotes 4 17 2 < 10−15

Downvotes 3 8 2 < 10−15

Comments 1 2 0 < 10−15

Table 2: Table of summary statistics for posts submitted to
/r/todayilearned, including the Wilcoxon Rank Sum
test (WRS).

Timeseries Analysis
It is useful to conduct a preliminary analysis to verify that
the appearance of a link to a Wikipedia article in a TIL post
is associated with an increase in the pageviews of the rele-
vant Wikipedia article. There are 28,497 posts in 2012 with
a link to a Wikipedia article as well as one preceding and one
succeeding week of uncorrupted Wikipedia pageview data.
Looking at the week prior to such a TIL post, we find that
the mean number of pageviews of the relevant Wikipedia
articles is 12,249 and the median number of pageviews is
2,479. For the week starting with the TIL post, the mean
Wikipedia pageviews is 19,010 with the median being 4,137.
The week subsequent to TIL post has the mean pageviews
being 12,553 and the median being 2,403.

Visual inspection suggest that pageviews increase consid-
erably in the week of the TIL post. This is confirmed by
formally conducting t-tests of the difference in means. The
t-test of the difference in means between the second and first
weeks has a statistic of 34.30 (p < .001). A t-test of the dif-
ference in means between the second and third weeks has
a statistic of 26.02 (p < .001). A signed rank test of the
equivalence of the medians in the second and first weeks
yields a z-value of 91.30 (p < .001) and for the second and
third weeks a z-value of 96.53 (p < .01). All of these test
statistics suggest overwhelming rejection of the equivalence
of key summary statistics comparing the relevant Wikipedia
pageviews from the week of the TIL post to the week prior
and the week following.

If all of the TIL induced Wikipedia activity is constrained
to one week and if there was no time trend in the data, we
would expect to see mean and median pageviews for the rel-
evant Wikipedia articles to be statistically indistinguishable.
We do not find this to be quite the case. The t-test for the
difference in mean pageviews between the first and third
weeks is −2.11 (p = .035). This 2.5% increase in mean
pageviews between the first and the third week may reflect
a small amount of the TIL-induced pageviews falling into
the third week, or just natural variability in the data where
our very large sample size provides sufficient power to re-
ject very small differences at conventional confidence lev-
els. Looking at the difference in median pageviews provides
some support for this conjecture. In contrast to the pattern
for mean pageviews, median pageviews are higher in the first
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Generalized Negative Binomial Model
Generalized negative binomial regression Number of obs = 24765
Log pseudolikelihood = -236097.62 Pseudo R2 = 0.0841

Wiki2
Coef. Std. Err. z P > |z| [95% Conf. Interval]

logWiki13 .7330604 .004519 162.22 0.000 .7242034 .7419175
netscore .004557 .0003138 14.52 0.000 .0039419 .0051721
netscore2 -6.03e-06 8.61e-07 -7.00 0.000 -7.72e-06 -4.34e-06
netscore3 4.13e-09 8.93e-10 4.63 0.000 2.38e-09 5.88e-09
netscore4 -1.24e-12 3.65e-13 -3.39 0.001 -1.96e-12 -5.24e-13
netscore5 1.31e-16 5.04e-17 2.60 0.009 3.22e-17 2.30e-16
comments .005626 .0009502 5.92 0.000 .0037637 .0074883

comments2 -.0000121 2.97e-06 -4.08 0.000 -.0000179 -6.30e-06
comments3 1.18e-08 3.48e-09 3.39 0.001 4.98e-09 1.86e-08
comments4 -5.03e-12 1.62e-12 -3.11 0.002 -8.21e-12 -1.86e-12
comments5 7.57e-16 2.55e-16 2.97 0.003 2.57e-16 1.26e-15

logDayOfYear -.02738 .0105838 -2.59 0.010 -.0481239 -.006636
Constant 2.285674 .0673804 33.92 0.000 2.153611 2.417737

lnα
logWiki13 -.2419808 .0112078 -21.59 0.000 -.2639477 -.2200139
netscore .0008954 .0000488 18.36 0.000 .0007998 .000991
Constant 1.311628 .0829941 15.80 0.000 1.148963 1.474294

Table 3: Generalized Negative Binomial Model co-efficients.

week than in the third week with the test of equality of the
medians having a z-statistic of 6.04 (p < .001).

Based on this analysis we will obtain a baseline for ex-
pected pageviews in the absence of the TIL post by taking
the average of the pageviews for the relevant Wikipedia ar-
ticles in the first and third week. This will generally make
the analysis performed in the next section a bit conservative
in that we are attributing the small increase in third week
pageviews to the background level of pageviews rather than
potentially being the result of TIL activity.

Does the Magnitude of TIL Activity Help Predict
the Increase in Wikipedia Pageviews?
Our analysis in this section looks at whether the magnitude
of activities within TIL related to the post, votes, and com-
ments helps to predict the increase in relevant Wikipedia
page views. It uses the same three week setup as the pre-
vious section. This analysis will be very conservative if the
influence of the typical TIL post lasts only a day or two, as
appears to be the case, because we will then be effectively
pooling those days where the TIL post increases relevant
Wikipedia pageviews with five or six days where there is
no influence. The model to be estimated takes the form of:

Wiki2 =f(Wiki13,Netscore,Comments,Time Variables)

where Wiki2 is a vector of pageviews of Wikipedia articles
associated with TIL posts in the second week, Wiki13 is the
average of these pageviews over the first and third weeks,
Netscore is the difference between Upvotes and Downvotes,
Comments is the number of comments on the corresponding
TIL post, and there are a variety of possible time variables

such as a time trend, month indicators, day of week indica-
tors, and hour of the day indicators.

A few of these variables deserve special attention. First,
while our 2012 Reddit data includes Upvotes and Down-
votes, only Netscore is currently available via Reddit’s API.
Reddit has since stopped making Upvotes and Downvotes
available as part of its efforts to combat vote-manipulation
bots. We only use TIL posts in the analysis in this section
which have non-negative Netscore. This drops about 10%
of the observations. Most of these are consistent with lit-
tle activity as such posts tend to drop way down the list of
available post. There are a few outliers with a sizable nega-
tive Netscore values that make modeling negative Netscores
problematic. Examination of these cases suggests that what
started out as a standard post with reasonable interest de-
generated into an organized flame war and downvoting cam-
paign. Second, Netscore and Comments both have some
large values. Examination of these for Netscore did not re-
veal observations that appeared odd in the sense of being
inconsistent with the presumed underlying data generating
process. This was not the case for some very large values for
Comments where there periodically was an intense back and
forth between a relatively small number of users which sug-
gested that increasing the number of comments might not
always be predicted to increase pageviews of the relevant
Wikipedia articles. We will operationalized the influence of
both Netscore and Comments in terms of a fifth order poly-
nomial in those variables.

Our dependent variable, Wiki2, represents count data. The
simplest count data model is a poisson regression model
which parameterizes the expected count in terms of a ma-
trix, X , of predictor variable. It imposes the restriction that
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Figure 2: Fifth Order Polynomial transformation fit for
Netscore and Comments, respectively.

the conditional mean and variance are equal, a characteristic
that our data do not have. However, the poisson model has
been shown to be the quasi-maximum likelihood data and
provides consistent estimates of the regression parameters
and of their standard errors if an appropriate robust variance-
covariance matrix is used (Wooldridge 2010). If one wants
to additionally model the nature of the over dispersion it is
typical to move to a negative bionomial model (Hilbe 2011;
2014), where the variance is usually modeled as a poisson-
gamma mixing distribution that varies with the condition
mean. A more flexible version of model known as a gen-
eralized negative binomial regression model allows for the
over-dispersion scaling parameter to be a function of observ-
able covariates. We estimate the parameters of this model
in Table 3, where in addition to the fifth order polynomials
in terms of Netscore and Comments, we include the log of
logWiki13 and the log of the time trend.

The logWiki13 parameter is the most important variable
in the model and given the specification can be interpreted
as an elasticity of .73. An almost identical estimate was ob-
tained in a log-log OLS model while a somewhat higher es-
timate, .85, was found using a Tukey biweight robust regres-
sion estimate. The logDayOfTheYear variable suggests that
pageviews are decreasing at a slow rate over the year. We
had no strong prior on the sign or magnitude of this coeffi-
cient since more Reddit viewers on TIL might be expected to
increase pageviews, and more Wikipedia articles and linking
to a larger number of them would tend to have the opposite
effect.

The null hypothesis that the magnitude of the TIL activity
does not influence the magnitude of pageviews of relevant
Wikipedia articles is that the Netscore and Comments pa-
rameters are all zero. This is obviously not the case as all
of these parameters are individually significant and jointly
significant at the p < .001 level. In Figure 2, we plot the
curve implied by the Netscore 5th order polynomials. This
shows that the Netscore influence on Wikipedia pageviews
is increasing and does so at a steeply increasing rate once
Netscore is large. This is not surprising because a very large
Netscore typically indicates that the TIL post has jumped to
a reasonably high position on the home Reddit page. The in-
fluence curve for the 5th order Comment polynomial is plot
in Figure 2. This shows steeply rising influence up through
about 500 comments and much slower increases beyond that
point. Again, this is consistent with prior expectations that a

TIL post that draws a large number of comments is likely
to be of interest to a sizable number of Reddit users but that
after some point the commenting exchanges going on dont
send many fresh users to Wikipedia.

The variance of the model is represented by modeling
ln(α) with α being the over-dispersion parameter. The con-
stant term here is sizable, suggesting considerable over-
dispersion. Limited exploration with covariates shows that
this over-dispersion is decreasing in the log of Wiki13,
suggesting that Wikipedia articles with considerable back-
ground pageviews are more predictable than infrequently
accessed pages, and increasing with Netscore. The linear
version of Wiki13 and the log version of Netscore resulted
in considerably worse log-likelihoods, while the addition of
Comment and time variables result in little improvement.

Inclusion of other time-related variables generally re-
sult in insignificant or marginally significant parameter es-
timates. We suspect that this may be because while there ap-
pear to be strong day of the week and hour effects, these are
adequately capture by the Netscore and Comment variables.
A falsification test that substitutes Wiki1 for Wiki2 as the
dependent variable and uses logWiki3 along with the poly-
nomials in Netscore and Comments and logDayOfTheYear
shows that the coefficients on all of the polynomial terms are
zero. Since they did not occur until after Wiki1 had taken
place, this is the expected result unless something in the
model being estimated intrinsically produced biased param-
eter estimates. All of this work points to TIL posts linking
to Wikipedia articles causing pageviews of the relevant ar-
ticles, and that the magnitude of this effect is clearly linked
to the magnitude of internal TIL activity related to the post.
We now turn to modeling the short run dynamics of how this
process works.

Functional Data Analysis
Besides predicting on summary statistics of the timeseries
we also conducted an analysis of shape of the response
curves. While obviously scaled by the number of viewers,
we would also like to know whether responses have differ-
ent distributions. That is, whether or not some posts pass
quickly while others slowly rise, or whether all posts have
approximately the same lifecycle. We are able to directly
construct response curves by subtracting an approximation
of the background number of pageviews from the signal dur-
ing and immediately after the stimulus (the post). Here, we
subtract the preceding week of counts from the week directly
succeeding the post.

We normalize each timeseries in the L2 sense. Directly
averaging these timeseries at each time point, we recover the
curve shown in Figure 4. While too brutal to discern differ-
ences between response curves, we see that, on average, the
response peaks within twenty four hours. Furthermore, the
average response curve has two distinct maxima, followed
by a sharp decline. Most of the response is contained within
the first two days.

The analysis of the differing shapes of the curves them-
selves lies squarely within the span of Functional Data Anal-
ysis and its toolset (Ramsay 2006; Viviani, Grön, and Spitzer
2005). Used primarily in setting where over the course of
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Figure 3: Top 4 PCA functions. “+” symbols denote the positive direction along the component, and “-” denotes the negative
direction (note that this need not be a scale, since the component is composed of a mixture of basis functions).

Figure 4: The L2 normalized and averaged response curve.

many trials a (random) continuous function is sampled over
time, here we may view the response curve as one such ran-
dom function, and each of our posts as one trial.

In particular, here we apply functional Principal Compo-
nent Analysis (fPCA) (Ramsay 2006) to the set of regular-
ized response curves. While fPCA is quite similar to its dis-
crete counterpart, it usually involves a projection of sampled
functions onto a set of basis functions; this necessitates a
choice of basis, which is not unique for finite sample points.
We use fourth order b-splines, as our data is generally non-
periodic. This analysis utilizes the fda package in R (Ram-
say et al. 2013).

As seen in Figure 3, once the mean is re-added to the com-
ponents all components prominently feature a spike at about
24 hours. However, looking at component 4, we note that
the PC does little to the magnitude of the spike or the result-
ing tail, but shifts the location of this spike. In particular, as
scores decrease for component 4, the peak shifts to the right.
We hypothesize that our mean signal’s two peaks are the
average between slowly shifting peaks, and that, for some
number of posts, their popularity is delayed by a lag time.

In order to partially validate this, we cluster the timeseries
in the space generated by the components using k-means.
From the two clusters produced, we test the differences be-
tween the within-cluster distributions of posting-times. In
other words, we check using a chi-squared test whether the
distributions of posting times over the day were the same in
both clusters. As displayed in Figure 5, the clusters exhibit
have a significant shift of their posting frequencies over the

Figure 5: Net difference in L2 normalized distributions
(Cluster 1 - Cluster 2).

day, corresponding with a χ2 statistic of 85.7432 (df = 23),
and a p-value of 3.64×10−9. The second cluster posts more
frequently during the second half of the day, meaning that
posts during the later half of the UTC day.

This corresponds with the second cluster posting during
the morning hours of the US continent. Though statistics for
the distribution of users by location have not been collected
for Reddit, this leads us to believe that posts made early in
the morning have a higher propensity to be ignored for sev-
eral hours.

Articles That Attract Reddit’s Interest
We now turn our attention to the types of pages which attract
interest. While this is not directly relevant to the shape or
size of response curves, it provides insight into what types
of pages are chosen by post authors and which of the chosen
pages perform well. This information is accessible in raw
form via the categories of each Wikipedia page; however,
while a topological ordering of article categories exists, it is
quite complex (Nastase and Strube 2008).

Towards this end we instead apply a topic model to amal-
gamated category data. For each page we combine each of
its categories into one single “document”. Each document
corresponds with a post on Reddit, and thus has associated
upvotes, downvotes, etc.. We then remove stopwords and
general Wikipedia editing related terms. Due to the short
length of most of these documents, we choose not to use
Latent Dirichlet Allocation (Tang et al. 2014), as it histori-
cally has poor performance on sparse documents. Instead we
here use Non-negative Matrix Factorization (Lee and Seung
1999; Saha and Sindhwani 2012).

These topic models are by no means definitive; they
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Rank Topic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6
1 treaties albums canadian recipients heads singlechart
2 united certification 21st century grand russian single
3 convention recording male knights soviet numberone
4 carbon englishlanguage 20th century united heros certification
5 laws grammy living members cold songs

% Weight 0.0184 0.0285 0.1268 0.1200 0.0346 0.0515
% Score 0.0242 0.0277 0.1224 0.1499 0.0311 0.0322

Rank Topic 7 Topic 8 Topic 9 Topic 10 Topic 11 Topic 12
1 treaties english treaties treaties languages films
2 convention 20th century 1944 peace subjectverbobject englishlanguage
3 laws lgbt 1967 space fusional screenplays
4 children british international history iso film
5 1980 21st century aviation cold analytic best

% Weight 0.0179 0.4411 0.0225 0.0171 0.0119 0.1096
% Score 0.0260 0.3990 0.0268 0.0206 0.0073 0.1327

Table 4: Topics with top words per topic as well as the total percent of the document weights and weighted net score.

only serve to provide qualitative insight into the interests
of “/r/todayilearned”. We show the top 5 words for
each topic in Table 4, along with both the percentage of the
total document weights and the percentage of the weighted
scores. This second statistic is computed by multiplying
each post’s net score by its document’s weight in the given
topic. Documents can contribute to multiple topic scores.

Topic 8 is clearly dominant, but upon inspection appears
to encompass a wide range of actual articles. When weighted
by scores, it performs considerably worse than its proportion
of weights would suggest, indicating that it is less popular.
Topic 12 on the other hand is clearly about films, and has a
higher proportion of the score. The presence of these topics
in general provides insight into the selection biases of “TIL”
users. In particular, music, people, politics, films, and history
seem to be common topics to submit.

Previous Work
Little research has been done on social media viewer trends.
While sharing on large social media sites or across multiple
sites has been a common focus of study (Leskovec, Back-
strom, and Kleinberg 2009; Mathioudakis and Koudas 2010;
Lerman and Ghosh 2010), studies of the so-called lurkers
usually rely on specialized sites with fully accessible data
(Panciera et al. 2010; Muller et al. 2010; Shami, Muller, and
Millen 2011). These studies also generally focus on differ-
ences between lurkers and contributors.

Of the studies of sharing on large social media sites, (Ler-
man and Ghosh 2010) similarly found that the majority of
activity on a link takes place within 48 hours. In particular,
the authors found that on Digg, a site at the time compara-
ble in size to Reddit, most stories would be buried within
20 minutes, with a similar result being shown for Twitter.
With a small number of votes, however, the story could be
pushed to the front page; this provided some lag between
submission and “jump”. Reddit’s dynamics and method for
post/story display differ slightly, but we find similar results
in the pageview statistics. In a much larger study, (Leskovec,

Backstrom, and Kleinberg 2009) tracks the evolution of
phrase clusters across a large number of sites. While in a
slightly different setting and measuring the active rather than
passive response, the authors’ results also show a short, 48-
hour-level response for most stimuli.

Wikipedia is also a well studied site, so much so that it
has its own Wikipedia Research Network1. One particularly
active area of study has been the role of Wikipedia editors
and their behaviors on article content and quality (Kittur and
Kraut 2008; Kittur et al. 2007b; 2007a), as well as the social
networks that develop on the associated forums (Kittur et al.
2007a; Niederer and Van Dijck 2010). Other studies have
analyzed the structure of Wikipedia’s link structure, general
user activity, and content development cycle(Blumenstock
2008; Capocci et al. 2006; Voss 2005).

Few papers study the Wikipedian consumers (readers),
probably in part due to the dearth of information. Of those
that do, (Zhang and Zhu 2010), tracks the number of edits
made to the Chinese Wikipedia after a large number of read-
ers were blocked; surprisingly the number of edits dropped
even from non-blocked users. Another, (Antin and Cheshire
2010), posits that readers are not actually free-riders but con-
tribute value to editors and readers. Most recently (Lehmann
et al. 2014) published an excellent study of page view and
editing statistics for biographical pages, as well as browsing
statistics for a sample of users via a voluntary in-browser
app. Their work shows a significant difference between the
focus of editors and the interests of readers.

Conclusion
In this paper we have provided strong statistical evidence
suggesting Reddit threads affect Wikipedia viewership lev-
els in a non-trivial manner. We then explored some of the
more complex short term dynamics, as well as qualitative
analysis of the types of articles submitted. We have demon-
strated the use of Wikipedia pageview statistics as a tool to
recover counts of otherwise unobservable user activities.

1http://meta.wikimedia.org/wiki/Wikimedia Research Network
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Abstract

For many people who speak more than one language,
their language proficiency for each of the languages
varies. We can conjecture that people who use one
language (primary language) more than another would
show higher language proficiency in that primary lan-
guage. It is, however, difficult to observe and quantify
that problem because natural language use is difficult
to collect in large amounts. We identify Wikipedia as
a great resource for studying multilingualism, and we
conduct a quantitative analysis of the language com-
plexity of primary and non-primary users of English,
German, and Spanish. Our preliminary results indicate
that there are indeed consistent differences of language
complexity in the Wikipedia articles chosen by primary
and non-primary users, as well as differences in the ed-
its by the two groups of users.

Introduction
Many people around the world communicate in more than
one language, both written and spoken. The exact nature
of how multilinguals choose language in various contexts,
as well as show varying degrees of proficiency in the mul-
tiple languages is not well understood. The reason is that
it is difficult to observe natural uses of language at a scale
large enough to quantify and study in depth. Wikipedia of-
fers a great resource for studying multilingualsm, as there
are many editors who edit multiple language editions (Hale
2014). This paper presents one of the first large-scale, quan-
titative studies of multilingualism using Wikipedia edit his-
tories in multiple language editions.

Multilingualism online
We define multilingualism as the use of two or more lan-
guages, which is in line with the traditional definition of
bilingualism from linguistics (Grosjean 2010). This defi-
nition does not mean that such a multilingual individual
possesses native fluency in multiple languages; indeed, of-
fline research shows that multilingual individuals rarely have
equal and perfect fluency in their languages (Haugen 1969).

Copyright c© 2015, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

We therefore expect a varying level of grammatical profi-
ciency and complexity in the text contributed by multilin-
gual users online. We refer to a user’s most frequently edited
language edition as the user’s primary language edition, and
all other editions that user edits are referred to as the user’s
non-primary language editions.

On many user-generated content platforms a large propor-
tion of the content is generated by a small percentage of very
active users (Priedhorsky et al. 2007; Kittur et al. 2007), and
multilingual users overlap to some extent with this group of
power users (Hale 2015). It may be that some users are so
devoted to a platform or cause that they contribute content
in multiple languages despite poor language proficiency.

In order to better understand the nature of content
contributed by multilingual users on user-generated con-
tent platforms, we analyze edits by multilingual users
on Wikipedia, the world’s largest general reference work.
Wikipedia is one of the top 10 websites in terms of traf-
fic volume, and its articles are often among the top results
for many search queries on Google. More fundamentally,
Wikipedia content has impacts far afield of the encyclope-
dia itself as the content forms the basis for knowledge graph
entries on Google and is used in algorithms ranging from
semantic relatedness in computational linguistics (Milne and
Witten ; Strube and Ponzetto ) to (cross-language) document
similarity in information retrieval (Potthast, Stein, and An-
derka 2008).

The first edition of Wikipedia launched in English in
2001, and was quickly followed by editions in other lan-
guages each operating independently. As the project ma-
tured, these editions have been integrated more closely with
a global account system providing a single login across all
Wikimedia sites and inter-language links connecting articles
on the same concepts across languages. Nonetheless, there
remain large differences in the content available in different
languages with 74% of all concepts having an article in only
one language (Hecht and Gergle 2010). Approximately 15%
of active Wikipedia users are multilingual, editing multiple
language editions of the encyclopedia (Hale 2014). These
users are very active in their first (or primary) language, but
make much smaller edits in their secondary (or non-primary)
languages. Other than a small mixed-methods study of the
contributions of Japanese–English bilingual users editing ar-
ticles about Okinawa, Japan, (Hale 2015), little is known
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Figure 1: Proportion of editor’s first language in each lan-
guage edition. The English edition comprises the largest, yet
the most various number of users by first language. 32.9% of
the users who edited the English edition primarily edit En-
glish, compared to 49.9% of users in the German edition.
Users having English as their primary language form the
second-largest proportion of users in the Spanish and Ger-
man editions.

about the content contributions of these users at larger scales
or across different language pairs.

Therefore, we analyze the complexity of edits made by
multilingual users in four aspects to explore the following
research questions:

• Is it possible to quantify the language complexity of edits
made by primary and non-primary language users?

• Do primary users tend to edit parts of the Wikipedia ar-
ticles with higher language complexity than non-primary
users?

• Do we observe more natural language in the articles after
primary users’ edits compared to the articles after non-
primary users’ edits?

In this paper, we suggest methods of quantifying language
complexity in Wikipedia edits. We apply the proposed meth-
ods and present preliminary results.

Materials and Methods
In this section, we introduce the data collection process
and operational definition of multilingual user in Wikipedia.
Then, we discuss the three types of language complex-
ity measures: basic features, lexical diversity, and syntactic
structure.

Dataset
Metadata about edits to Wikipedia are broadcast in near real-
time on Internet Relay Chat (IRC), and we begin with this
edit metadata for the top 46 language editions of Wikipedia,
including Simple English, from July 8 to August 9, 2013 as
collected by Hale (2014). In contrast to the prior work by
Hale, we retain all edits to articles even if the users marked
the edits as “minor.” The metadata includes article titles, lan-
guage edition, timestamp, user ids, and urls to the content of
each edit. The original data comprises 5,362,791 edits by
223,668 distinct users. We identify multilingual users from
the metadata and retrieve the content of all edits by multilin-
gual users from Wikipedia using the Wikipedia API.

English German Spanish
# Editors 11,616 3,271 2,506
# Article edit sessions 237,849 120,123 69,557
# Edits 350,541 160,126 112,099

Table 1: Number of editors, article edit sessions, and edits
for each language edition. On average, users had 20.5, 36.7,
27.8 article edit sessions and 30.2, 49.0, 44.7 distinct edits in
English, German, and Spanish Wikipedia, respectively. The
notable difference of the number of article edit sessions per
user for each language edition implies there are different pat-
terns of editing behavior between language edition.

Article Edit Session The most common way to measure
edit activity in Wikipedia is by counting each edit that is
created when a user clicks the “save page” button. How-
ever, counting edits does not accurately reflect authors’ work
because of individual differences in activity patterns (e.g.,
some users may commit a few large edits while other users
may make a series of many smaller edits, saving the page
more frequently as they work). There is a pattern of punc-
tuated bursts in editors’ activity, and we follow Geiger and
Halfaker (2013) to use edit session, which measures the la-
bor of Wikipedia editors. However, in this paper, we limit
an edit session to one document, which we name article
edit session. Also, we use one hour as cutoff between inter-
session and between-session edit activities. After discover-
ing inter-session edit activities, we aggregate all the distinct
edits in an activity into an article edit session.

FindingMultilingual Users We first assume a user is able
to read and write a language if the user participated in an
article edit session in the language edition. After discovering
article edit sessions, we define multilingual users as the users
editing greater than or equal to two language editions. Using
this definition, we identified 13,626 multilingual users with
1,113,004 article edit sessions, which comprises 1,595,556
distinct edits.

We can find that most multilingual users edit two or three
language editions. 77.3% of multilingual users are bilingual,
followed by 11.4% of trilingual and 4.1% of quadrilingual
users. Users edited more than 10 languages account for 2.3%
of all users, which we discard for this study because we re-
gard them as either outliers or bots.

Further, we follow Hale (2014) to define a user’s primary
language as the most edited language with respect to the
number of edit occurrences. Then, a user is primary in a lan-
guage edition if the user’s primary language equals to the
language of the edition. Otherwise, the user is categorized
as non-primary for the language edition. That is, a user is
categorized as a primary language user in a language edition
only once while regarded as a non-primary user as any other
language editions.

We use three language editions of Wikipedia, English,
German, and Spanish, for this study. Figure 1 illustrates
the proportion of editor’s first language in three language
editions. English has 11,616, the largest number of unique
users (see table 1). We found that users editing the En-
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glish Wikipedia have the most various first languages. Only
32.9% of users edited English Wikipedia have their primary
language in English, while 49.9% of German Wikipedia edi-
tors are German primary users. Also, English users takes the
second-largest proportion in Spanish and German editions,
implies English’s role as a lingua franca in Wikipedia, as
found in (Kim et al. 2014).

Data Processing For each edit, we retrieve the text of the
article before the edit and after the edit and calculate the
difference between these versions. For each article session,
we extract the pair of changed paragraphs and convert the
edit from Wiki markup to plain text. In this way, we retain
only visible text from edits and discard all non-visible infor-
mation including link and document structure. We regard an
edit as minor if there is no visible change. We used NLTK
sentence tokenizer and word tokenizer for Indo-European
languages.

Controlling for Topics
There are articles with various topics in Wikipedia, and it
is known that language complexity differs by the topics of
its contents (Yasseri, Kornai, and Kertész 2012). Therefore
it is necessary to cluster Wikipedia articles according to
their topics in order to control them while comparing lan-
guage complexity of editors using primary language and
non-primary language.

Since it is hard to determine a single topic labels for a
Wikipedia article with existing multiple categories, we clus-
ter all of the articles included in the dataset using Latent
Dirichlet Allocation (Blei et al. 2003). We set the number
of topics to K=100 and employ online variational inference
algorithm to estimate parameters with maximum iteration
count 300. Using the 100-dimensional topic proportion vec-
tor for each document as feature vector, we cluster the arti-
cles again with DBSCAN algorithm for a single topic label.
As a result, 20 topic clusters are discovered. To validate the
cluster result, we calculate average distance to articles from
cluster medoid over average distance to other clusters for
each cluster computed as, in average, 0.59(±0.22).

It is possible that the skewed user interest on different
topic cluster would lead to inaccurate analysis. For instance,
if a non-primary user tends to edit on low-complex topics
or users having different first languages tend prefer the dif-
ferent topic, analysis might be affected due to the different
interest on topics. To measure the user interest, we normal-
ize the distribution of article edit sessions, to have the prob-
ability of edit for each cluster of sum to 1. We observe that
the variety of interests within primary and non-primary lan-
guage users, but overall indifference between groups. The
complexity measures of primary and non-primary language
groups were evaluated within the topics in advance, and then
they were averaged to represent overall language complex-
ity of each group to control inequivalent numbers of articles
by topics.

Measuring Language Complexity of Edits
In an article edit session, each of the paragraphs before re-
visions (hereafter before edits) was paired with correspond-

ing revised paragraphs (hereafter after edits). The following
complexity measures are evaluated on each before and after
edit paragraphs.

The computed language complexity measures for every
edit pair (including before edits, after edits) were summa-
rized with a single statistic for each editors to compare the
complexity of edits produced by primary and non-primary
groups. First, we chose mean value of complexity to com-
prehend about of actual edit patterns. Second, We also eval-
uated maximum value of complexity measures among edit
pairs belongs to the same editor as a representation of the
editor’s linguistic ability to produce complex edits. This is
mainly because all of the possible revisions in an article not
always require editor’s maximum linguistic ability. For this
purpose, widely used central tendency measures (e.g. mean)
would not reflect it properly. Summarizing edits with max-
imum is assuming that every editor showed their maximum
linguistic ability to edit a paragraph at least once, which is
reasonable.

Basic Features. First, we computed basic statistical com-
plexity measures for before edits and after edits focusing on
the length of edit paragraphs. The number of characters,
words, and sentences are counted. Also, number of unique
words is the number of word types appeared in the para-
graph. Average word length is normalized number of char-
acters by number of words and average sentence length is
normalized number of words with respect to number of sen-
tences in the edit paragraph.

Lexical Diversity. We additionally compute entropy of
word frequency as a complexity measure which indicates
uncertainty and surprise due to the newly appeared word in
a paragraph. Yasseri et al. (2012) also interpreted entropy as
measure of richness of word usage in a Wikipedia document.

We defined word occurrence and word rank to measure
how an editor uses infrequent word in overall level, based
on the entire dataset of every article edit session regarded
as a repository of specific language. Word occurrence is fre-
quency of n-grams, including unigram, bigram, and trigram,
which is counted in the entire repository. The occurrence of
every n-grams appeared within the edit paragraphs were av-
eraged in a edit paragraph. Based on the occurrence, we also
evaluated the word rank sorted in descending order by oc-
currence. That is, If a n-gram is frequent in the repository,
it will have high rank. It can be intuitively expected that the
word which is used more frequently is simpler in terms of
language complexity as well as easier to use, so these mea-
sures are highly relevant to language complexity. The word
rank of n-grams were averaged in a edit paragraph as with
the word occurrence.

Syntactic Structure. Entropy of Parts Of Speech Fre-
quency is computed for each edit paragraph pairs as well.
Instead of analyzing the sequence of word itself, investi-
gating sequence of Parts of Speech (POS) has some advan-
tages. Not only it can ignore regarding extremely trivial ed-
its (e.g., correcting misprints) as complex edits but also it
can avoid the negative impact generated from bot-produced
edits (Yasseri, Kornai, and Kertész 2012). In order to tag
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the edits, we employ maximum entropy POS tagger trained
on Penn Treebank corpus for English edits with Penn Tree-
bank tagset (Marcus, Santorini, and Marcinkiewicz 1993).
For German and Spanish edits, Stanford log-linear POS
tagger (Toutanova et al. 2003) trained on NEGRA corpus
with Stuttgart-Tübinger Tagset (STTS) (Skut et al. 1998)
and AnCora corpus with its tagset (Taul et al. 2008) were
used, respectively. Looking for diverse combinations of POS
is good approach for detecting complex syntactic structure
(Brian Roark 2007) since it measures the amount of infor-
mation which indicates diverse usage of POS in the edits.
We count the combinations of POS in each unigram, bigram,
and trigram conditions and the normalized POS frequency
distribution were used to compute information entropy for
each edits.

Mean phrase length is the average number of words in
each noun phrases (NP) or a verb phrases (VP) contained
in every sentences in a edit. Since these phrases can emerge
multiple times in a sentence and even embedded in a larger
phrase, the phrase having the highest subtree in the entire
tree was selected to compute the length only once for each
sentence in order to evaluate them on overall sentence level.
Length of NP is well-known measure of syntactic complex-
ity because pre-modifiers and post-modifiers attached with
it makes the phrase longer to hold and compress more infor-
mation that increase complexity. The length of VP is mea-
sured to assess the complexity as well. Mean parse tree
depth is the length of longest path in a parse tree. If two sen-
tence length are the same, the larger tree depth could mean-
ing that the sentence is more complex (Jieun Chae 2009).
The depth of parse tree constructed from each sentences are
averaged in an edit.

Prior to computing mean phrase length and parse
tree depth, we used PCFG parser (Klein and Manning
2003) based on Penn Treebank (Marcus, Santorini, and
Marcinkiewicz 1993) to construct parse tree for every sen-
tences. Considering that parsing requires complete sen-
tences, unlike POS tagging, for both before and after edits,
we only include the edits containing at least 2 complete sen-
tences into analysis while computing two measures. For this
reason, they are evaluated only in case of English edits due
to relative insufficiency of German and Spanish edits which
are satisfying the constraints.

Results
In this section, we present the experimental results. We de-
scribe the evaluated complexity measures mainly focusing
on the comparison between primary and non-primary user’s
language complexity in order to obtain implications of their
editing behavior.

Basic Features. First, we present the actual edit patterns
explored with basic features summarized with mean for
each users. In English edits, primary users’ basic features
are higher than that of non-primary. The primary language
user’s single before edit comprises 139.2 characters equiva-
lent to 33.6 words, 22.3 unique words, and 1.44 sentences.
On the other hand, the average edit by a non-primary user is
composed of 118.5 characters, which are 28.6 words, 19.3

• Basic Features
– Number of characters
– Number of words
– Number of unique words
– Number of sentences
– Average word length in characters
– Average sentence length in words

• Lexical Diversity
– Entropy of word frequency (unigram, bigram, trigram)
– Average word rank (unigram, bigram, trigram)
– Average word occurrence frequency (unigram, bigram,

trigram)
– Error rate of words (trigram)

• Syntactic Structure
– Entropy of POS frequency (unigram, bigram, trigram)
– Mean phrase length (Noun phrase, verb phrase)
– Mean parse tree depth

Table 2: Language complexity measures for edit paragraphs.
The measures in basic features are related to the overall
length of edit paragraph. Other measures in lexical diver-
sity focus on the usage patterns of words. The other mea-
sures relevant to syntactic structure examine the complexity
of sentences based on the its POS tags and parse trees.

unique words, and 1.31 sentences on average.
As with these result, after edits statistics are larger when

in case of the primary language user’s edit counted as 148.1
characters corresponding to 35.8 words, 24.0 unique words,
and 1.6 sentences. Also, 132.8 characters, 32.2 words, 21.9
unique words, and 1.5 sentences composes single non-
primary language user’s after edit.

The tendency of primary language user’s attempt to revise
longer edits and preserve its length in after edits are also ap-
pearing in German and Spanish edits. Moreover, the results
of basic features with maximum summarizing for users are
shown in Fig. 2 that having even larger difference on every
language editions between two groups.

These results indicate that there are some visible differ-
ences in part of the articles that users have modified and
want to modify between two groups in English, German and
Spanish editions. Through this, we can argue that there are
significant difference between two groups in editor’s ability,
at least, to comprehend and attempt to revise longer edits.

Lexical Diversity. We found that the entropy of n-gram
is always larger on the edits from primary language users,
regardless of n and language editions. The top two plots in
Figure 3 illustrate the entropy of primary and non-primary
users on unigram, bigram, and trigrams for the English edi-
tion. The German edition shows the largest discrepancy of
entropy between primary and non-primary users. These re-
sults imply primary language users are trying to revise more
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Figure 2: Four basic features (Number of characters, words,
unique words, sentences) of before-edits (left) and after-
edits (right) summarized with maximum for each users. As
with Fig. 2 all of the measures of before-edits shows large
difference between primary language users and non-primary
which are reflecting the difference of ability relevant to read
and comprehend complex edits. Also, results of after-edits
indicate there are large difference remaining after edits.

diverse combinations of words and the diversity remains in
corresponding after edits.

It is reasonable to interpret the higher entropy value in
terms of higher diversity, but it is not meaning that they are
trying to edit more infrequently used words. Interestingly,
primary language users tend to revise the edit composed of
more frequently used words with its variety combinations.
This can be supported by the result of word occurrence and
word rank measuring the usage of infrequent word sequence.

As a result, English primary users’ average word oc-
currence of before-edits in English edition is 16,339,153,
whereas it is 15,506,268 for non-primary editors. From this,
it is natural that the average rank of word revised by primary
users is 39,168, which is higher than that of English non-
primary users, 44,987. The other language editions produce
very similar tendencies as shown in Fig. 3. In addition, these
tends remain in after-edits in each language edition.

Syntactic Structure. The entropy of POS sequence sum-
marized with mean for each editors also differ by primary
and non-primary users. In the English edition, English-
primary users’ before edits are evaluated as 1.146/bit,
1.542/bit, 1.626/bit while English non-primary’s edits were
1.073/bit, 1.415/bit, 1.463/bit by unigram, bigram, and tri-
gram, respectively. When moving on to estimate editor’s
ability with maximum case, the between group difference
is dramatically increasing that the values are 2.057/bit,
2.957/bit, 3.284/bit in each n-gram condition of English-
primary, whereas 1.571/bit, 2.160/bit, 2.317/bit in English
non-primary on English articles. These tendencies are also
shown in other language editions.

Figure 3: Error rate of primary and non-primary users. Com-
pared to non-primary users, primary users tend to edit para-
graphs with lower error rates (left). In all three language
editions, the discrepancy between primary and non-primary
users increases after their edits (right). On average, primary
users’ edits decrease the error rate while non-primary users
tend to use more infrequent trigrams.

Before-edits After-edits
P NP P NP

Avg:NP length 11.87 11.81 11.93 11.94
Avg:VP length 15.40 15.03 15.40 15.13
Avg:Parse Tree depth 10.89 10.72 10.89 10.73
Max:NP length 18.19 13.86 18.23 14.02
Max:VP length 22.92 17.50 22.89 17.64
Max:Parse Tree depth 13.28 11.53 13.27 11.53

Table 3: Complexity measures derived from parse trees in
before and after-edits of English edition. Each measures of P
(primary) and NP (non-primary) language users are summa-
rized with Avg (mean) or Max (maximum) for each editors.

As with previous results, the primary language users’ en-
tropy values are slightly higher than non-primary users when
it is averaged for each editors, and the difference increases
when it is maximized for editors. It is confirmed again with
complexity measures related to parse trees that shown below,
Table 3.

Discussion and Future Work
Our preliminary findings suggest that multilinguals in
Wikipedia show relatively high levels of proficiency in their
primary languages. We find repeatedly that the majority of
non-primary language edits are relatively short and simple,
though many of them are just as long and complex as the pri-
mary language edits. We plan to conduct more analysis for
future studies, and we project that these results will serve
as an insightful starting point for large-scale quantitative re-
search on naturally-occurring use of multiple languages.

Our results have important implications regarding the ex-
tent to which multilingual users may transfer information



between different language editions of the encyclopedia.
While there are no doubt some large and complex edits by
users in their non-primary languages that required genuinely
high levels of multilingual proficiency, we find that the ma-
jority of non-primary language edits are small and simple
in terms of language complexity. We further find that users
are more likely to edit grammatically simpler parts of arti-
cles in their non-primary languages indicating that language
complexity may form a barrier.

Also, these findings suggest that many of the users edit-
ing multiple language editions of Wikipedia may have a rel-
atively low levels of proficiency in their non-primary lan-
guages. A good proportion of these users may be so-called
power users who are very active on the platform (Pried-
horsky et al. 2007; Kittur et al. 2007). These users may be
making edits in multiple languages more out of dedication
to Wikipedia and its cause than true multilingual proficiency
(Hale 2015). Given that only roughly 15% of all Wikipedia
editors edit multiple editions of Wikipedia (Hale 2014), our
findings of low levels of non-primary language proficiency
among a large proportion of these editors indicate there is
significant work to be done in recruiting and encouraging
multilingual contribution among truly proficient bilingual
editors on Wikipedia if these users are to play any major
role in the transfer of information between languages.

Meanwhile, The contribution to articles could be investi-
gated by analyzing the difference between text before and
after edit which are derived directly from the revised string.
Also, delta defined in terms of difference of complexity
measure between them could be explored independently.
Not only these approach to Wikipedia but also various re-
search questions could be investigated and we hope to tackle
to the questions in the future works.
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Abstract 
Users currently access Wikipedia through two traditional 
paradigms, text search and hypertext navigation. We believe 
that user access can be significantly improved by supporting 
a systematic conceptual exploration of the knowledge base 
through dynamic taxonomies with a faceted taxonomy 
organization. This approach allows the easy manipulation of 
sets of documents and the systematic and intuitive 
exploration of complex knowledge bases.   

Introduction   

While the coverage and authoritativeness of Wikipedia 
have been constantly improving in the past years, its basic 
knowledge architecture has remained the same and falls 
short of the potentiality of its knowledge base. In extreme 
synthesis, the access methods to Wikipedia are basically a 
simplified text search and a hypermedia navigation. 
Although a conceptual taxonomy is currently supported, it 
is a traditional taxonomy that only supports a father-to-son 
(and son-to-father) navigation by hypertext links and does 
not take into account the fact that most pages are actually 
classified under several concepts. In fact, the general 
architecture of Wikipedia is only slightly different from the 
traditional encyclopedia à la Diderot and D'Alembert. 

By using Dynamic Taxonomies (Sacco, 2000), briefly 
reviewed in the following, we can support an exploratory 
access to Wikipedia in the following way: 

1. the user is presented with the general taxonomy of 
the encyclopedia, 

2. she selects a concept as the focus of interest, e.g. 
Renaissance, 

3. the system automatically prunes from the original 
taxonomy all those concepts that are not related to 
Renaissance, giving the user a complete taxonomic 
summary of the current subset of interest, within the 
original frame of reference represented  by the 
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original taxonomy, which is only modified by 
pruning irrelevant concepts, 

4. the user can then refine the focus of interest by 
selecting another concept, e.g. Painting, which is 
combined in AND with Renaissance, and continue 
exploring. 

 
Among the several advantages of this approach, it is 

especially important that user navigation is completely free 
and yet guided. In fact, the user can initially select any 
concept in order to set her focus of interest, but, 
subsequently, only concepts that are related to the current 
interest focus can be selected for refinement. 

In the following, we briefly introduce dynamic 
taxonomies, and discuss our current project, DT-
Wikipedia, that aims at applying them to Wikipedia. We 
discuss our approach and what at present perceive as 
challenges.   

Dynamic Taxonomies 

Dynamic taxonomies (Sacco, 2000, later also improperly 
called faceted search systems) are a general knowledge 
management model based on a multidimensional 
classification of heterogeneous data items and are used to 
explore/browse complex information bases in a guided yet 
unconstrained way through a visual interface. It has been 
applied to very diverse areas, including electronic 
commerce (Sacco, 2003), e-government, e-HRM (Berio et 
al., 2007), multimedia databases with the seamless 
integration of primitive features (Sacco, 2008), art and 
museum portals (Yee et al., 2003), and medical diagnosis 
(Sacco, 2012), among many others. The reader is addressed 
to Sacco and Tzitzikas, 2009, for the most comprehensive 
and up-to-date monograph on this model. 

The intensional part of a dynamic taxonomy is a 
taxonomy designed by an expert. It does not require any 
other relationships in addition to subsumptions (e.g., IS-A 
and PART-OF relationships).  

Exploratory Access to Wikipedia through  
Faceted Dynamic Taxonomies 

Giovanni Maria Sacco 
Dipartimento di Informatica, Università di Torino, Corso Svizzera 185, I-10149 Torino, Italy 
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In the extension, items can be freely classified under 
several topics at any level of abstraction. This 
multidimensional classification models common real-life 
situations. First, items can very often classified under 
different concepts. Second, items usually have different 
independent features (e.g. Time, Location, etc.), each of 
which can be described by an independent taxonomy. 
These features are often called perspectives or facets. 

In dynamic taxonomies, a concept C is just a label that 
identifies all the items classified under C. Because of the 
subsumption relationship between a concept and its 
descendants, the items classified under C (items(C)) are all 
those items in the deep extension of C, i.e. the set of items 
identified by C includes the shallow extension of C (i.e. all 
the items directly classified under C) union the deep 
extension of C’s sons. The shallow and the deep extension 
for a terminal concept are the same, by construction. This 
set-oriented approach implies that logical operations on 
concepts can be performed by the corresponding set 
operations on their extension, and therefore the user is able 
to restrict the information base (and to create derived 
concepts) by combining concepts through all the standard 
logical operations (and, or, not).  

A fundamental feature of this model is that dynamic 
taxonomies can find all the concepts related to a given 
concept C: these concepts represent the conceptual 
summary of C. Concept relationships other than 
subsumptions are inferred on the basis of empirical 
evidence through the extension only, according to the 
following extensional inference rule: two concepts A and B 
are related iff there is at least one item d in the knowledge 
base which is classified at the same time under A or under 
one of A’s descendants and under B or under one of B’s 
descendants, or, more formally,  

A⇔B iff items(A)�items(B)�∅. 
For example, we can infer an unnamed relationship 

between terrorism and New York, if an item classified 
under terrorism and New York exists. At the same time, 
since New York is a descendant of USA, also a relationship 
between terrorism and USA can be inferred.  

The extensional inference rule can be easily extended to 
cover the relationship between a given concept C and a 
concept expressed by an arbitrary subset S of the universe: 
C is related to S iff there is at least one item d in S which is 
also in items(C), or, equivalently, 

A⇔B iff items(C)�S�∅. 
Consequently, the extensional inference rule can produce 

conceptual summaries not only for base concepts, but also 
for any logical combination of concepts. Moreover, since it 
is immaterial how S is produced, dynamic taxonomies can 
summarize sets of items produced by other retrieval 
methods such as database queries, shape retrieval, etc. and 
therefore access through dynamic taxonomies can be easily 
combined with any other retrieval method.  

Dynamic taxonomies are defined in terms of conceptual 
descriptions of items, so that heterogeneous items of any 
type and format can be managed in a single, coherent 
framework. Finally, since concept C is just a label that 
identifies the set of the items classified under C, concepts 
are language-invariant, and multilingual access can be 
easily supported by maintaining different language 
directories, holding language-specific labels for each 
concept in the taxonomy.  

Access through Dynamic Taxonomies 

The user is initially presented with a tree representation of 
the initial taxonomy for the entire infobase. The system can 
associate with each concept label, a count of all the items 
classified under it (i.e. the cardinality of items(C) for all 
C’s). This count is an important user feedback in 
navigation, because when it is sufficiently small, the user 
usually terminates exploration and inspects the result items. 

The initial user focus F is the universe (i.e. all the items 
in the infobase).  

In the simplest case, the user can then select a concept C 
in the taxonomy and zoom over it. The zoom operation 
changes the current state in two ways. First, concept C is 
used to refine the current focus F, by intersecting it with 
items(C); items not in the focus are discarded. Second, the 
tree representation of the taxonomy is modified in order to 
summarize the new focus. All and only the concepts related 
to F are retained and the count for each retained concept C’ 
is updated to reflect the number of items in the focus F that 
are classified under C’.  

The reduced taxonomy is a conceptual summary of the 
set of documents identified by F, exactly in the same way 
as the original taxonomy was a conceptual summary of the 
universe. The term dynamic taxonomy is used to indicate 
that the taxonomy can dynamically adapt to the subset of 
the universe on which the user is focusing, whereas 
traditional, static taxonomies can only describe the entire 
universe.  

The exploration process is an iterative thinning of the 
information base: the user selects a focus, which restricts 
the information base by discarding all the items not in the 
current focus. Only the concepts used to classify the items 
in the focus, and their ancestors, are retained. These 
concepts, which summarize the current focus, are those and 
only those concepts that can be used for further 
refinements. From the human computer interaction point of 
view, the user is effectively guided to reach his goal, by a 
clear and consistent listing of all possible alternatives. 

Differently from traditional search methods, the 
exploration process has the goal of reducing the universe to 
a set of items sufficiently small that they can be manually 
inspected by the user, 
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A

B C D

E F G H I L M

a b c d e  
Figure 1 – A dynamic taxonomy: the intension is above, the 
extension below. Arrows going down denote subsumptions,  

going up classification 

A

B C D

E F G H I L M

a b c d e  
Figure 2 – Focusing on concept C: finding all the items 

classified under C, i.e. the deep extension of C. 

A

B C D

E F G H I L M

c d  
Figure 3 – All the items not classified under C are removed 

A

B C D

E F G H I L M

c d  
Figure 4 – In yellow, all the concepts under which the items in 
the focus are classified (and, because of subsumptions) their 
ancestors are related to C. White nodes are not related to the 

focus and they will be pruned out. 

A

B C

F G H I

c d  
Figure 5 – The reduced taxonomy: all concepts not related to 

the current focus are pruned. 

An Example 

Figure 1 shows a dynamic taxonomy: the upper half 
represents the intensional level where circles represent 
concepts; the lower half is the extension where rectangles 
represent items, which are classified according to the 
concepts in the intension. In the intension, arcs going down 
represent subsumptions; for instance, the arc from concept 
A to concept B indicates that B is subsumed by A (is a 
specialization of A). The classification of items is 
represented by arcs going up, connecting an item to a 
concept in the intension. As an example, the arcs from item 
d to concepts H and I indicate that item d is classified 
under H and I. 

Figures 2 to 5 show how the zoom operation on a 
concept C works. To simplify the discussion we will 
assume that the zoom operation is applied to the original 
taxonomy. In order to compute all the concepts related to C 
(i.e. to zoom on concept C), we first identify, in figure 2, 
the user focus. In this case, since we start from the initial 
taxonomy, the user focus is C or, equivalently, all the items 
classified under C (that is, the deep extension of C, denoted 
by items(C)). The deep extension of C is computed by 
following all the arcs incident to C and to all of its 
descendants, H and I, and originating from items in the 
extension. In the example, there is no arc linking items in 
the extension to C, but there are arcs connecting items c 
and d to concepts H and I, which are (the only) descendants 
of C. The current user focus, which is represented by the 
deep extension of C, items(C), is therefore equal to the set 
{ c, d }.  

Once the user focus is computed, all the items in the 
extension which are not in the user focus can be ignored 
and logically removed from the extension, as shown in 
figure 3.  

Next, we compute B(C), i.e. the set of concepts under 
which at least one item in the current focus C is classified. 
B(C) is the conceptual summary of the current focus: it 
contains all and only those concepts which are used to 
classify items in the current focus. We first compute 
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Bimm(C) by identifying all the concepts immediately related 
to C by the extensional inference rule, i.e., by following all 
the arcs leaving each element in the user focus and adding 
each destination concept to Bimm(C); in the example, 
Bimm(C)={ F, G, H, I }. If a concept belongs to Bimm(C) it 
also belongs to B(C). In addition, if a concept belongs to 
Bimm(C) also all of its ancestors belong to B(C) as well, 
because the extensional inference rule applied to C states 
that a concept D is related to C if there is at least one item 
which is classified under D or under one of D's 
descendants. Consequently, if a concept is related to C, 
also all of its ancestors are, because of the inclusion 
constraint implied by subsumption (Sacco, 2000). 
Therefore, the set B(C) of concepts related to C is given by 
Bimm(C) union all the ancestors of all the concepts in 
Bimm(C), i.e. the set of all concepts related to C is {F, G, H, 
I, B, C, A}, as shown in figure 4, where yellow nodes 
denote the concepts in B(C) which are not descendants.  

Finally, in figure 5, all the concepts not related to C are 
logically pruned, thus producing a reduced taxonomy that 
fully describes all and only the items in the current focus. 
Further zoom operations can be performed on concepts 
belonging to this reduced taxonomy. If another concept, 
e.g. concept I, is chosen for a subsequent zoom, the current 
user focus will be computed as the intersection of the 
previous user focus (C, in this example) with the current 
selected focus (I, in this example). That is, the user focus is 
given by items(C) � items(I).  

The user is, however, unable to select concept M for a 
subsequent zoom, because zooming on it would produce an 
empty result and for this reason M is not present in the 
reduced taxonomy. 

Benefits of Dynamic Taxonomies  

The advantages of dynamic taxonomies over traditional 
methods are dramatic in terms of an extremely fast 
convergence of exploratory patterns and in terms of human 
factors. Three zoom operations on terminal concepts are 
sufficient to reduce a 10,000,000-item information base 
described by a compact taxonomy with 1,000 concepts to 
an average 10 items (Sacco, 2006). Dynamic taxonomies 
only require a very light theoretical background: namely, 
the concept of a taxonomic organization and the zoom 
operation, which seems to be very quickly understood by 
end-users.  

Dynamic taxonomies cleanly separate the process of 
classifying documents from the use of the classification 
information in the browsing system, and considerably 
simplify the design of the conceptual taxonomy. First, the 
extensional inference rule actually performs concept 
association mining: concept associations, which are often 
quite dynamic in time, need not be forecasted and 

accounted for in schema design. In addition, the user is 
presented with associations the schema designer might not 
even be aware of.  

Second, since dynamic taxonomies synthesize compound 
concepts, these need usually not be represented explicitly, 
so that we avoid the exponential growth due to the 
description of all the possible concept combinations, and 
the resulting taxonomy is significantly more compact and 
easier to understand. Sacco (Sacco, 2000; Sacco and 
Tzitzikas, 2009) developed a number of guidelines for 
taxonomies that are compact and easily understood by 
users. Some are superficially similar to the basic faceted 
classification scheme by Ranganathan (Ranganathan, 
1965): the taxonomy is organized as a set of independent, 
“orthogonal” subtaxonomies (facets or perspectives). As an 
example, a compound Wikipedia concept such as 
"Musicians from Mobile, Alabama" need not be explicitly 
accounted for, because it can be synthesized from its 
component concepts: Arts>Musicians and 
Location>USA>Alabama>Mobile, where Arts and 
Location are facets.  

Benefits of Dynamic Taxonomies in the 
Context of Wikipedia 

Current conceptual access to Wikipedia is currently 
provided via a traditional, static taxonomy implemented by 
hypertext links. In a static taxonomy,  

1. the taxonomy does not adapt to specific subsets of 
the universe, but statically summarizes the entire 
universe, 

2. once a branch is chosen, the user can only refine her 
search by selecting a specialization. All the other 
branches are unavailable, and, of course, a terminal 
concept cannot be further refined, thus leading to 
severe scalability issues (Sacco, 2006), 

3. the impossibility to combine concepts through 
boolean operations requires that compound concepts 
be explicitly represented in the taxonomy resulting 
either in extremely large taxonomies (as it is the 
case in Wikipedia) and/or a gross conceptual 
granularity (as it is again the case for some parts of 
Wikipedia). 

The benefits of dynamic taxonomies in this context are 
basically: 

• a simpler, more compact taxonomy that user can 
understand and use. Retrofitting the existing 
Wikipedia taxonomy is discussed below; 

• a free, yet guided, exploration of the knowledge 
base with a comprehensive summary of all the 
concepts that are related to the current focus. This 
type of exploration avoids dead-ends by 
construction and has a superior scalability for a 
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growing knowledge base. In addition, it provides an 
exhaustive conceptual description of the current 
focus, and the user can have the confidence that all 
possible aspects are being considered, 

• the dynamic computation of related concepts implies 
a dynamicity of relationships. First, relationships 
among concepts need not be anticipated at design 
time, as they are established on the basis of 
empirical evidence. Second, these relationship adapt 
to changing situations and provide the potential for 
the discovery of new, unexpected relationships. 
Discovery of unexpected relationships can represent 
a major improvement over traditional access,  

Finally a good "faceted" taxonomy design coupled with 
dynamic taxonomies provides an extremely flexible and 
symmetric way of exploration, and provides answers to 
questions such as  

• "What happened in 1910 in France?", by 
intersecting Time>1910 and Location>France, and 
exploring the reduced taxonomy 

• "What is known about Mobile, Alabama?", by 
focusing on Location>USA>Alabama>Mobile 

• "What is known about Alabama?", by focusing on 
Location>USA>Alabama 

which are impossible to answer, or even to frame, in the 
current approach. In short, dynamic taxonomies and a 
faceted schema bring to the surface the information buried 
inside concept labels, and makes it actionable. 
 

As an example, consider the Wikipedia page in figure 6. 
Here, the representation of a part of the taxonomy as a 
hyperlinked page makes the information contained in the 
page non-actionable. What if the user is interested in 
European music critics, or music critics that are also 

musicologist, or classical music critics that also write about 
rock? The information might very well be present in this 
page or other pages (figure 7 shows a music critic who is a 
musicologist) but cannot be extracted and used. 

DT-Wikipedia 

The DT-Wikipedia project is in its initial, exploratory 
phase. One of the very first, experimental applications of 
dynamic taxonomies was, several years ago, the electronic 
version of an Italian encyclopedia. Wikipedia is of course 
quite different in scope, construction and control, and has 
peculiar challenges. In providing access through dynamic 
taxonomies to Wikipedia, we identify two types of 
problems: system architecture and conceptual architecture.  

From the system architecture point of view, dynamic 
taxonomies cannot be implemented in the extremely simple 
architecture of Wikipedia. First of all, since the 
computation of related concepts and reduced taxonomies is 
done on-the-fly, specialized engines are required in order to 
provide a real-time interaction.  

Second, the interface to conceptual access is obviously 
more complex than the standard Wikipedia interface and 
requires a non-trivial amount of work to make it usable 
over different devices. 

However, we believe that the most challenging part of 
our project is the conceptual architecture.  

System Architecture 
DT-Wikipedia is based on the Universal Knowledge 
Processor (UKP), a commercial-grade web implementation 
that was entirely developed by the author and has been 
extensively used in our research since 1999.  

The engine is designed as a memory-resident specialized 
architecture with low hardware requirements and support 
for multimillion item knowledge bases with high user 
loads. It seamlessly integrates dynamic taxonomy access 
with full-text retrieval with relevance ranking and quasi-
vector-space retrieval, plus db-like features for the 

 
Figure 6 – A category page for music critics, specializing them by 

nation, and, to some extent, by genre. 

 
Figure 7 – A music critic who is a musicologist as well 
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management of continuous domains (i.e., dates and 
numbers) with range queries. These features are especially 
important because some (less important) concepts can be 
removed from the taxonomy and their associated 
documents retrieved through text-retrieval.  

The general architecture and an experimental 
comparison with a memory-resident relational  
implementation are discussed in (Sacco and Tzitzikas, 
2009). The comparison is especially interesting because it 
shows that the specialized architecture used in UKP is two 
orders of magnitude faster than the relational architecture 
which is commonly used in current systems. The same 
source also discusses a relational implementation, 
Flexplorer, developed at the University of Crete and also 
described in (Papadakos, Kopidaki et al., 2009). 

Conceptual Architecture 
An initial analysis of the current taxonomy in the English 
version of Wikipedia shows a number of rather severe 
problems, discussed in the following. 

Jumbo Taxonomy 
With over 600,000 concepts, the taxonomy of Wikipedia 
cannot be understood by any user, cannot be shown on a 
screen, and, unfortunately, cannot be processed manually. 
This means that ways to process the taxonomy in order to 
reduce its size, and to make it conform to a facet-like 
organization are needed. Work in this direction is 
underway and is described below.  

"Cartesian Product" Index Entries 
The major problem of the current taxonomy, which is also 
the major opportunity for a solution, is that most of the 
entries are caused by the cartesian product of the values of  
two or more combined facets.  

Entries such as "Rugby at the 1900 Summer Olympics" 
clearly show a cartesian product at work. Here we have 
three perspectives <sport, time, sport event> that are 
represented as a single entry, and require the cartesian 
product of all the values in each perspective, e.g. "Football 
at the 1900 Summer Olympics", but also, "Rugby at the 
1908 Summer Olympics", etc. Once the underlying 
perspectives are identified, a number of entries equal to the 
product of the values can be reduced to a number of entries 
equal to the sum of the values. Each page will then be 
classified under each applicable perspective value, i.e., the 
page originally classified under "Rugby at the 1900 
Summer Olympics", will be classified instead under 
Sport>Rugby, Time>1900, SportEvent>Summer Olympics. 

One of the basic starting points for automatic processing 
is to use the two basic facets "Location" and "Time" in 
order to reduce the number of entries. While we have no 
data at present, an automatic processor of existing index 
entries on this basis is under construction and the reduction 
in the number of entries should be substantial.  

It is certainly worth mentioning that the "normalization" 
of index entries according to perspectives is not only useful 
in order to reduce the size of the taxonomy, but also, most 
importantly, in order to allow a better exploration 
according to perspectives. A page classified under "Rugby 
at the 1900 Summer Olympics" does not allow any 
exploration, whereas the normalized index Sport>Rugby, 
Time>1900, SportEvent>Summer Olympics, allows the 
user to find which events occurred in 1900, when and 
where Summer Olympics were held, and where Rugby 
tournaments were held. 

Uneven Coverage 
Not surprisingly for an index created without strict 
enforcement from a supervising authority, the index of 
Wikipedia is incredibly uneven, going from the extreme 
detail of "People from Reidsville, North Carolina" to very 
general headings with no specializations. Additionally, 
there seems to be a better coverage of certain areas, such as 
IT, sports, and musical groups. It is obviously outside of 
the scope of the present project to supply a more even 
coverage, both for content and for classification. While it is 
unfeasible to refine the existing classification, it should be 
rather straightforward to avoid taxonomy branches deeper 
than necessary by simply pruning specializations that are 
too deep. 

Taxonomy Improvement 
In the retrofit of the original Wikipedia taxonomy, we are 
also considering techniques such as the one implemented in 
the Wikipedia BitTaxonomy project (Flati, et al., 2014) 
that can be used in this context, with several modifications, 
to improve the quality of the resulting taxonomy. Although 
these techniques are not targeted to dynamic taxonomies, 
the clean separation in dynamic taxonomies between the 
schema, the classification of documents, and the navigation 
system, and the minimal requirements that dynamic 
taxonomies place on taxonomies make their integration in 
the present framework viable. 

Appropriate Design 
While intuitively appealing, we believe that an approach 
entirely based on the automatic processing of the 
Wikipedia subject index  (e.g., Li et al., 2010) is not the 
right one.  

We still adhere to the principle stated in (Sacco, 2000): 
the intension of a dynamic taxonomy is designed by an 
expert. There are a number of reasons for this, and here we 
will discuss only the two major ones: user orientation and 
false coordination.   

Effective user orientation in a dynamic taxonomy 
requires an appropriate hierarchical organization of 
concepts, that can hardly be delegated to some sort of 
statistical processor. As an example, let us consider 
painters. Should a painter be a descendant of Person? Or 
should painters be disposed of entirely and instead have 
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painting as a descendant of Art, and classify persons that 
are painters under painting ? Or should we support both 
views? If painters exists, are they going to be descendants 
of Artist, or Visual Artist? And if Art exists, should movies 
be descendants of Art? What about tv series? Most of these 
practical problems show that the design of a useable 
dynamic taxonomy requires a large amount of 
understanding both of data and of user expectations.  

False coordination occurs when a relationship between 
two concepts A and B is inferred because there is a 
document d classified under both, when, in fact, the 
relationship between A and B is not useful. As an example, 
consider a summary page of news for a certain day in 
which "Democrats win in Connecticut" and "Hurricane hits 
Cuba". Let's simplify and assume that the summary page is 
classified under {Democrats, Connecticut, hurricane, 
Cuba}. In our framework, there is a relationship between 
Hurricanes and Connecticut, which can be perceived as a 
false relationship, in the sense that it does not convey any 
useful meaning.  

False coordination is usually attributed to the post-
coordinate approach of Dynamic Taxonomies, in which 
index entries are combined after the classification rather 
than before. Pre-coordinate indexing (e.g., {Democrats,  
Connecticut}, {Hurricane, Cuba}}) establishes the valid 
relationships when a document is indexed, whereas the 
post-coordinate approach considers all the permutations 
valid.   

In fact, the problem is not really pre- vs. post-
coordination, but is in general caused by the fact that the 
relationship inferred between two concepts is unnamed, 
that is: we empirically know that the concepts are related, 
but we do not know the meaning of their relationships.  

In general, however, the user implicitly supplies a name 
to the relationship, e.g. Hurricane in Cuba, and perceives 
the relationship between Hurricane and Connecticut as 
false, because Hurricane in Connecticut is false (the correct 
relationship is Hurricane happens in the same day as 
some news about Connecticut). In short, it is a question of 
expectations because no disambiguation is given.  

Sacco (Sacco and Tzitzikas, 2009) discusses a method  
based on ER modeling for disambiguating the relationship 
name, when this is useful. 

These considerations indicate that taxonomy design 
requires a lot of thought, and the approach we are pursuing 
is a computer-assisted design system, rather than an 
automatic one.  

Conclusions 

We believe that the conceptual navigation provided by 
dynamic taxonomies can provide a quantum leap in the 
usefulness of Wikipedia. Information that is currently 

present but not available could be exploited. Users would 
be able to frame complex explorative queries in a free but 
guided way, taking full advantage of one of the largest 
knowledge bases in the world.  

Our present emphasis on conceptual design is justified 
by the fact that most of the required infrastructure is 
already in place and can support heavy user loads and large 
infobases on inexpensive hardware. In addition to 
conceptual design, we also plan to investigate techniques to 
guarantee that the evolution of the taxonomy maintains a 
high degree of quality.    
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Abstract 
This paper compares the scientific literature used most often by 
scientists to the scientific literature referenced on the English-
language Wikipedia. Previous studies have raised concerns that 
editors of science-related articles on Wikipedia are biased toward 
easily available sources and underrepresent particular scientific 
fields. Most often, these studies examine references on Wikipedia 
only but make claims about how well or poorly Wikipedia repre-
sents the scientific literature as a whole. In contrast, the present 
study begins with the scientific literature. We use the Scopus 
database to identify the 250 most heavily used journals in each of 
26 research fields (4620 journals in total), and estimate a variety 
of models to identify what makes these journals more or less 
likely to be cited on Wikipedia. We find that, controlling for im-
pact factor and open access policy, Wikipedia over-represents 
journals from the Social Sciences, and under-represents journals 
from the Physical Sciences and Health Sciences. An open-access 
policy is not associated with increased Wikipedia presence. The 
most significant predictor that a journal will be cited on Wikipe-
dia is its impact factor. 

 Introduction   

Wikipedia has become a top destination for information of 
all kinds, including information about science (Spoerri, 
2007). According to Alexa Internet, a web traffic analytics 
firm, Wikipedia is the 6th most visited website in the Unit-
ed States, and the 7th world wide ("Traffic"). Given that so 
many people rely on Wikipedia as a source of information 
about science, it is reasonable to ask whether and to what 
extent the science that is written about on Wikipedia is (1) 
an accurate representation of the knowledge within the 
academic literature and is (2) of sufficient quality.  

                                                 
Copyright © 2015, Association for the Advancement of Artificial Intelli-
gence (www.aaai.org). All rights reserved. 
 

 Previous studies have raised concerns about both repre-
sentation (Samoilenko and Yasseri, 2014) and quality (see 
Mesgari et al., 2015 for a recent review). While Wikipedia 
is an open source and collaborative effort, a vanishingly 
small number of its overall users actually contribute con-
tent and edits ("Trends"). Editors’ demographics may bias 
them in favor of “topics that interest the young and Inter-
net-savvy” (Denning et al., 2005). Additionally, one of 
Wikipedia’s basic tenets is that its entries should be based 
on reliable and easily verifiable sources. To that end, Wik-
ipedia’s “Core Content Policy” on “Verifiability” provides 
guidelines which state that “where available, academic and 
peer-reviewed publications are usually the most reliable 
sources, such as in history, medicine, and science” "Verifi-
ability"). While the peer review system as a whole is not 
without its share of problems, it is almost certainly the case 
that placing a premium on publications that have gone 
through the peer-review process does much to establish the 
reliability of Wikipedia’s entries (Lucy Holman Rector, 
2008). Yet, access to the vast majority of reliable, peer-
reviewed scientific literature is restricted to holders of ex-
pensive subscriptions (Björk and Solomon, 2012), thereby 
creating a tension between Wikipedia’s goals of making 
entries reliable on the one hand, and verifiable on the other. 
This paper seeks, in part, to understand how this tension is 
resolved in practice. For instance, some have argued that 
Wikipedia’s editors cannot fully resolve this tension, and 
simply rely on references that are low quality, public, open 
access, or produced by partisan sources (Ford et al., 2013; 
Luyt and Tan, 2010). Some studies (Nielsen, 2007; Shuai 
et al., 2013) do find positive correlations between academ-
ic citations and Wikipedia mentions, but do not take into 
account accessibility. 
 This paper contributes to the existing literature by sys-
tematically comparing the literature relied on most by sci-
entists to that cited on Wikipedia. We use the Scopus data-
base to identify a large sample of the most important jour-
nals within each scientific field and use Wikipedia’s struc-
tured reference tags to identify all citations to scientific 
journals. This design allows us to update earlier studies 
that have examined variation among the journals cited on 
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Wikipedia (Nielsen, 2007) and, crucially, examine which 
journals are not cited.  
 Our early results from this on-going research concern 
the role of a journal’s impact factor, open access, and topic 
on representation in Wikipedia. We find that, controlling 
for impact factor and open access policy, Wikipedia over-
represents journals from the Social Sciences, and under-
represents journals from the Physical Sciences and Health 
Sciences. An open-access policy is not associated with 
increased Wikipedia representation. The most significant 
predictor that a journal will be cited on Wikipedia is its 
impact factor.  
 These findings should be interpreted with care because it 
is unclear whether Wikipedia or the academic literature 
should be taken as the golden standard of impact. This 
consideration will be elaborated in the conclusion.  

Data and Methods 
Data sample 

Indexing over 21,000 peer-reviewed journals, with more 
than 2,800 classified as open access, Scopus is the world’s 
largest database of scientific literature ("Scopus"). We ob-
tained metadata on the 250 highest-impact journals within 
each of the following 26 sub-categories: Agricultural Sci-
ences, Arts and Humanities, Biochemistry and General 
Microbiology, Business Management and Accounting, 
Chemical Engineering, Chemistry, Computer Science, De-
cision Sciences, Earth and Planetary Sciences, Economics 
and Finance, Energy Sciences, Engineering, Environmen-
tal Sciences, Immunology and Microbiology, Materials 
Sciences, Mathematics, Medicine, Neurosciences, Nursing, 
Pharmacology, Physics, Psychology, Social Science, Vet-
erinary Science, Dental, Health Professions. These sub-
categories were nested under the following “top level” cat-
egories: health sciences, life sciences, physical sciences, 
and social sciences.  
 Impact factor was measured by the 2013 SCImago Jour-
nal Rank (SJR) impact factor1; each journal’s metadata 
included this impact factor, top-level- and sub- categories, 
number of articles published, and open-access policy.   
 Data on Wikipedia sources was obtained from a 2014-
11-15 database dump of the full English-language Wikipe-
dia. We parsed every page, and extracted all references to 
science that use Wikipedia’s standardized journal attribute 
within references that use the cite tag. In all, there were 
106,772 references to the scientific literature with 10,622 
unique “journals” represented in Wikipedia. In many cases 
the “journal” cited was not an academic journal but a blog, 
non-academic website, or newspaper. The efforts to match 

                                                 
1 “SCImago Journal Rank (SJR) is a measure of scientific influence 
of scholarly journals that accounts for both the number 
of citations received by a journal and the importance or prestige of the 
journals where such citations come from.” 
(http://en.wikipedia.org/wiki/SCImago_Journal_Rank). It is especially 
useful for comparing journals across research areas.  

the various “journal” strings to Scopus metadata, discussed 
below, were thus necessarily imperfect. 
 

Disambiguation, data cleaning 
We checked each of the referenced journal names on Wik-
ipedia against a list of common ISI journal name abbrevia-
tions and, additionally, converted all abbreviated titles to 
canonical form.  
 Many of the 250 top journals in a given Scopus category 
were also in the top 250 of another category. The list of 
candidate journals was thus less than 250 * (number of 
research fields). We also removed from the data sample 
those journals that appeared in our data as having pub-
lished no more than 100 articles. These cases were most 
often journals that have actually published many more arti-
cles but were indexed by Scopus relatively recently. 
 The final data consisted of 4620 unique journals, 307 of 
which are categorized by Scopus

2
 as “open access”, and 

1779 of which do not appear in Wikipedia at all. Starting 
instead with Wikipedia, 55,267 of its 106,722 (51.7%) 
scientific references were linkable to Scopus. The precise 
composition of the remaining 51,505 references is unclear, 
but as stated previously, it includes a very large number of 
non-scientific resources (e.g. New York Times). 

 

 percent_cited and Other Variables 
The quantity we sought to explain is percent_cited -- the 
percent of a journal’s articles that are cited on Wikipedia. 
We chose this measure for two reasons. First, the raw 
number of articles journals publish varies tremendously. 
For example, the journal PLoS One has published more 
than 100,000 articles in a little over 8 years ("PLoSOne"), 
while the American Journal of Sociology has published 
about 10,000 articles in a little over 100 years. Focusing on 
raw citation counts in Wikipedia would privilege large-
volume journals like PLoS One. On the other hand, per-
cent_cited is normalized against a journal’s output, so that 
journals may be compared on their topics, accessibility, 
and prestige, not simply on size. Second, the journal as the 
unit of analysis (instead of article-level analysis) greatly 
simplified disambiguation and matching Wikipedia refer-
ences to Scopus metadata. It should be noted that while the 
article as the unit of analysis may appear preferable due to 
the ability to judge its impact in science via citations, a 
journal’s meta-data captures this same citation-based im-
pact, albeit more coarsely, via the impact factor. Figure 1 
illustrates the distribution (kde) of percent_cited with 
logged x-axis. 

                                                 
2 Scopus designations of open access are based on the Directory of Open 
Access Journals (www.doaj.org).  
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Figure 1. Distribution (kde) of percent_cited. X-axis is logged. 

The distribution of impact factor (SJR2013) is illustrated in 
Figure 2. 

Figure 2. Distribution (kde) of impact_factor. X-axis is logged. 

Both percent_cited and impact factor are highly skewed, 
so they were ln-transformed in the analyses that follow. 
We used a generalized linear model3 with binomial proba-
bility distribution and a logit link function to model how 
percent_cited is associated with the following explanatory 
variables: the journal’s (SJR) impact factor, its open-
access policy, and both its field and subfield. Table 1 de-
scribes these variables.  
 
 
 
 
 
 
                                                 
3 A logistic regression model produced qualitatively identical results. We 
followed (Baum, 2008) in using the generalized linear model with the 
stated parameters.  

Variable 
name 

Valid 
Obser-
vations 

Mean Std. Min 
Ma
x 

percent_cited 4634 0.32 0.64 0 12.7 
impact factor 4585 1.90 2.48 0.10 45.9 

open access 4634 6.7% 
O.A. ---- 0 1 

phys. sci. 4634 31.6% --- 0 1 
life sci. 4634 42.9% --- 0 1 

health sci. 4634 32.4% --- 0 1 
soc. sci. 4634 29% --- 0 1 

Table 1. Descriptive statistics of variables. Note that many jour-
nals fall under several top- and sub-level research areas. 

 
The 26 subcategories in the Subcategory Analysis were 
similarly represented by dummy variables.  
 

Results 
 
First, we present scatter plots of percent_cited vs. impact 
factor and then analyze this relationship with a generalized 
linear model, separately for top-level and sub-categories. 
Figure 3 illustrates the scatter plot of log percent_cited and 
impact factor. 
 

 
Figure 3. percent_cited vs. impact factor. Open access journals 
are colored red. 
 
Figure 3 suggests that there is indeed the expected correla-
tion between percent_cited and impact factor.  
 
The relationships between percent_cited and the various 
categorical variables may be explored with boxplots. Fig-
ures 4 and 5 present boxplots of percent_cited grouped by 
top-level category and open access policy, respectively. 
  
 

98



 
Figure 4. Boxplot of percent_cited by top-level research category. 
 

 
Figure 5. Boxplot of percent_cited by open-access policy. 
 
Figure 4 suggests that there may be slight differences in 
percent_cited across topical categories, with life and social 
sciences being better represented than the physical scienc-
es, and health sciences in the middle. On the other hand, 
open access does not appear to correlate with per-
cent_cited. To explore these relationships statistically we 
report results from a generalized linear model. 
 

Top-level categories 
 
Here we present results of the model fit using Scopus’ 4 
top-level subject categories: health sciences, life sciences, 
physical sciences, and social sciences. Table 2 contains the 
coefficients indicating how these subject categories, along 
with a journal’s open access policy (open or closed), and 
(logged) SJR impact factor are associated with the percent 
of its articles that are cited in Wikipedia, (logged) per-
cent_cited.  

  
Variable coefficient std. err. P > |t| 

Open Access=True 0.34 0.39 0.382 

Log(Impact Factor) 0.87 0.151 0.000 

Physical Sciences -0.48 0.261 0.063 

Social Sciences .54 0.269 0.046 

Life Sciences 0.28 0.260 0.285 

Health Sciences -0.48 0.268 0.072 

 
Table 2. percent_cited vs Predictors, (Predictors statisti-
cally significant at the 0.1 level are bolded. The intercept is 
not reported.) 
 
The table indicates that, controlling for impact factor and 
open-access policy, journals from the Social Sciences are 
likelier to be cited on Wikipedia than journals from the 
Physical and Health Sciences. Contrary to our expecta-
tions, an open access policy is not significantly associated 
with percent_cited.   
 The journal-level feature most significantly associated 
with the journal’s representation in Wikipedia is its impact 
factor. The size of this effect is more easily interpreted 
using un-logged impact factor and percent_cited; using this 
alternative specification in an OLS model, a one unit in-
crease in impact factor is associated with 0.083% increase 
in percent_cited.  
 

Sub-categories 
 
We performed a similar analysis using Scopus’ sub-
categories as predictors of percent_cited. As in the analysis 
above, controlling for open access and impact factor, none 
of the sub-categories were significantly associated with 
appearance in Wikipedia; open access, too, was not a sig-
nificant predictor. Again, the predictor most associated 
with how frequently a journal is cited in Wikipedia is the 
journal’s impact factor. The effect size of impact factor 
was qualitatively identical to the analysis above. 
 

Conclusion 
 
Previous research has raised concerns that Wikipedia’s use 
of scientific references is biased toward particular topics 
and sources that are easily available, such as open-access 
journals. Such bias, if present, may have major impact as 
millions of people rely on Wikipedia for high-quality in-
formation, including information about science. Most pre-
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vious studies examined Wikipedia citations only, without 
comparing citation practices on Wikipedia to those within 
a suitable sample of the scientific literature. This study, in 
contrast, evaluated evidence for bias in representation of 
science by examining a large swatch of the scientific litera-
ture scientists rely on most. 
 We find that the chief predictor of whether a journal is 
cited on Wikipedia is its impact factor and general research 
area. Crucially, whether the journal is or is not open access 
is not associated with its representation on Wikipedia.   
 Nevertheless, the present research is beset with a num-
ber of limitations that leave important questions unan-
swered. Perhaps most importantly, the procedure employed 
to link Wikipedia citations to journals indexed by Scopus 
successfully identified only about 55% of the citations. It is 
possible that the bulk of these citations are to sources out-
side the conventional scientific literature or to very low-
impact journals omitted from our data sample. Our qualita-
tive analysis of these items indicates that many of them 
point to blogs and popular media outlets, e.g. New York 
Times. The present study cannot address the concern ex-
pressed by others, e.g. [9, 10], that sources outside the sci-
entific literature are used too heavily in scientific articles.  
 Furthermore, while open access does not appear to play 
a role in the representation of important science in the Eng-
lish-language Wikipedia, it may loom large in promoting 
access to scientific information (and thus referencing on 
Wikipedia) in relatively poor countries. Research currently 
underway will explore the role of open access in referenc-
ing on Wikipedia of all major languages. 
 These findings should be interpreted with care because it 
is unclear whether Wikipedia or the academic literature 
should be taken as the golden standard of impact. Impact 
factor within the academic literature is a notoriously con-
tentious metric, especially across research areas (Seglen, 
1997). Thus, inconsistencies between academic and Wik-
ipedia citations may signal that some academic journals are 
over- or under-cited, rather than over- or under-represented 
on Wikipedia.  
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