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Attempts to explain the success of knowledge co-production communities have focused on organizational

design, including structure, motivation, roles, and coordination mechanisms. Meantime, the role that subject-

matter-experts play in these knowledge production settings has largely been left in a theoretical and empirical

void; its existence has been assumed, but we know little about its nature and scope, as it is difficult to ob-

serve. In this article, we start filling that void, using Wikipedia as the setting for our empirical investigation.

First, we carefully crossed information from individual Wikipedia editor pages with external sources such as

Google Scholar to reliably identify editors who are credentialed experts. Matching these credentialed experts

with their Wikipedia editing patterns, we used this dataset to train a machine learning classifier that we

then employed to identify additional expert editors and assess the nature and the scope of their work across

Wikipedia. Our results suggest that the scope of expert involvement is substantial, albeit with considerable

differences across topics. We estimate that approximately 10%–30% of Wikipedia’s contributors have sub-

stantial subject-matter expertise in the topics that they edit. We discuss implications for theory and practice

of peer-production.
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1 INTRODUCTION

What is the role that subject-matter experts play in collaborative knowledge co-production sys-
tems? Extant literature that attempts to explain the success of these systems and communities has
focused on organizational design, including structure, motivation, roles, and coordination mecha-
nisms [18, 81, 96, 100, 101]. Yet, the role that subject-matter experts play in knowledge production
in those settings has largely been left in a theoretical and an empirical void. In this article, we aim
to address this gap in the context of Wikipedia, the free online encyclopedia.
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Since its launch in 2001, Wikipedia has become a prodigious one-stop-shop for knowledge, cov-
ering a remarkable breadth of topics. It is one of the world’s most visited websites, and its articles
frequently appear at the top of search results. While still occasionally critiqued as a less-than-
reliable source (e.g., Reference [19]), many Wikipedia readers clearly consider it a valuable repos-
itory of knowledge, and studies suggest that the quality of articles is generally good [34, 60, 62]
and that Wikipedia articles are shaping scientific discourse [106]. Wikipedia employs a unique
collaborative-authoring process, whereby anyone—even those not registered as members—can
contribute contents, and any revision made to an article automatically “goes live.”

Given that Wikipedia’s reliance on a large crowd of lay authors for peer-production stands in
stark contrast to traditional models for creating encyclopedias (notably, Britannica) that rely on
credentialed experts for producing articles [83], Wikipedia’s success in becoming a credible source
of knowledge has surprised many people. Even after it became clear that Wikipedia’s model was
working well, claims were still raised that experts do not have much incentive to contribute [61],
and some critics—including one of Wikipedia’s cofounders—continued to critique its “anti-expert
tendencies” [94]. Naturally, the success of Wikipedia’s approach, which few thought would work,
drew the attention of the academic community. Numerous studies have tried to explain how quality
of content is achieved in this co-production model despite the inclusive approach that does not
screen for relevant expertise.

A common line of explanation argues that in Wikipedia, expertise is distilled from the “wis-
dom of the crowd” [103] through a sophisticated aggregation process. By this argument, “the
expert is re-constructed” from a large number of contributors with relevant “local” (or “lay”)
knowledge [74]. Studies adopting this rationale have attributed importance to Wikipedia’s socio-
technical system and its mechanisms for aggregating and synthesizing a mass of divergent posi-
tions to achieve a coherent knowledge product [81, 100, 101]. Scholars have described the robust
social organization that has developed alongside Wikipedia’s automated processes [18, 96]. In par-
ticular, the literature explored the intricacies of Wikipedia’s governance mechanisms and provided
rich accounts of its self-organizing mechanisms [7, 11] and elaborate bureaucracy, emphasizing the
importance of policies [1, 25, 29, 54, 68, 80], roles [13, 15, 30], and the affordances of the underlying
wiki platform [29, 80, 109].

That being said, beyond effective processes, the production of any good also requires the input of
high-quality ingredients. In the creation of knowledge-based products these inputs reflect knowl-
edge and expertise. Remarkably, despite the importance of expertise for organizations involved in
innovation and the development of knowledge-based products [77], particularly for self-organized
teams [73], thus far the discussion regarding the role of experts in citizens-based peer-production
(and in particular, Wikipedia’s collaborative authoring process) has taken place in an empirical
void. To date, only few have attempted to assess the nature of experts’ contributions in Wikipedia,
and these attempts provide only limited information. A survey of Wikipedia editors that was con-
ducted by the Wikimedia Foundation in 20111 pertained to demographic aspects such as education
level, but did not establish whether the editors considered themselves as subject-matter experts or
whether experts contribute to their actual domains of expertise. We suspect that one of the pri-
mary reasons for the absence of empirical evidence regarding the expertise of those contributing
to peer production projects has been the difficulty associated with identifying experts and their
work on a large scale. As Wikipedia’s editors are not required to use their true identities, or even
to register, many of them do not disclose their credentials nor provide details regarding their ex-
pertise. This makes any attempt to estimate the scope of expert contributions challenging. Thus,

1https://en.wikipedia.org/wiki/Wikipedia:Wikipedians#Demographics.
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somewhat similarly to dark matter of the universe, we have good reasons to believe it is there, but
it is difficult to measure, and our understanding of its nature and distribution is still incomplete.

The key objective of this work, therefore, was to advance the study of expertise in peer-
production by empirically studying the nature and scope of experts’ work in Wikipedia’s co-
production activity. Beyond addressing a gap in the literature, we believe that such work may
also provide insights that can inform the people who participate in, operate, and steer such plat-
forms. For instance, we propose that the tools developed here may be helpful for locating people
with relevant expertise among the crowd, allowing to direct their efforts to relevant tasks.

Attaining this objective required that we develop a reliable process for identifying subject-
domain experts among Wikipedia’s contributors. To that end, we developed a lightly supervised
classification approach for identifying domain experts at scale. Using a sample of 1K Wikipedia ar-
ticles, we began by carefully annotating positive examples of Wikipedia editors with well-defined
and provable notion of expertise with respect to the topic of an article that they have edited.
Namely, for the purpose of identifying the positive examples for our training set, we focused on
scholarly expertise.2 The pool of identified scholarly experts consisted of accounts of registered
users, whose identity was known, having expertise validated by correlating information from their
Wikipedia user pages and external sources. Matching these positive examples of expert editors
with a set of counter examples, the goal of our learning tool was to determine whether an editor
contributing to a particular article is a subject-matter expert on the article’s topic.

Crucially, the learning process was agnostic to any details about the editor’s identity; instead,
we aimed at detecting domain experts solely based on their editorial history. We hand-crafted a
diverse set of features for learning purposes, which describe the users’ editorial activity in terms
of intensity, relevance, and focus within the focal article, as well as across other Wikipedia articles.
Consequently, the model of expertise prediction is applicable to the global population of Wikipedia
editors, including those who are non-registered. We applied the model to assess and rank-order
more than 300K contributors in terms of their subject matter expertise for a sample of articles
distributed across Wikipedia’s topical categories. Our qualitative analysis shows that the patterns
that characterize scholarly experts apply to other sources of expertise, detected by our model; thus,
although our model was trained on examples of scholarly experts it also detects other non-scholar
subject-matter experts.

Altogether, based on our study results, we believe it is a conservative estimate that subject-
matter experts make up roughly 10%–30% of Wikipedia’s editor population, and that, in turn, they
are responsible for a similar portion of the edits.

To the best of our knowledge, this is the first work to empirically characterize and quantify the
scope of experts’ involvement in Wikipedia’s co-production activity. In particular, our study sheds
light on several key questions, including: (a) the patterns of activity that characterize subject-
matter experts; (b) the level of experts’ involvement within the online community; and (c) the
varying impact of experts’ work across different Wikipedia articles.

2 EXPERTS AND EXPERTISE IN KNOWLEDGE PRODUCTION

There are myriad definitions of experts and expertise in the literature [49, 76]. While, naturally, not
all definitions include all aspects, it is generally agreed that an expert is someone with extensive
knowledge and honed skills who reliably demonstrates superior abilities and performance in a
certain domain and who is recognized as such by her peers and/or the public [49, 76]. For the
purpose of this article, where not explicitly stated otherwise, we shall accordingly use the term

2The focus of our empirical investigation on scholarly experts is in line with the approach taken in the survey of experts

by the Wikimedia Foundation.
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“expertise” to denote that individual capacity,3 and the term “subject matter expert” (or SME) to
denote an individual who has expertise with respect to a subject domain.

Subject-matter expertise is normally attained through a prolonged, extensive, and deliberate
learning process. This continuum is often portrayed as having multiple levels that people can
gradually ascend. A three-level division (Novice or Non-expert; Semi-expert; and Expert) is most
common (e.g., References [51, 63, 87]), though other models have been proposed [47]. People with
various degrees of expertise in a certain domain may differ in many respects, including their mental
models, assessments of situations, repertoires of routines and solutions, and—central to our context
of knowledge production and curation—the breadth and depth of their knowledge [43, 92]. In this
article, we shall primarily be discussing subject-matter experts, focusing almost exclusively on
the depth and breadth of their knowledge of specific topics as the main characteristic that sets them
apart from less-knowledgeable people. It is worth noting that since expertise is domain-specific,
one might be a novice in a certain domain, a subject-matter expert in another domain, and perhaps
a semi-expert in a neighboring domain—all at the same time.

In some domains, formal recognition of a person’s expertise is customary, in the form of diplo-
mas (as in academia), titles, professional licenses and accreditations, and so on. Yet in other domains
a person’s expertise may be socially acknowledged without any official or formal recognition [85].
Thus, while many subject-matter experts are credentialed academics, many other subject-matter
experts are people who have acquired their expertise through practice, hobby, or otherwise.

2.1 Experts and Expertise in Online Co-production Communities

In traditional organizations, people are usually appointed to roles that carry decision-making au-
thority and titles that reflect recognition and set expectations of their expertise. This is true not
only in hierarchical organizations, but also in other organizational forms, such as matrix organi-
zations [57]. From an information processing perspective, there is an advantage to assigning tasks
to members of the organization who are skilled to perform them, and a great deal of the discussion
of organizational design considers people’s levels and domains of expertise (e.g., References [57,
59]). Traditional organizations therefore dedicate substantial efforts and resources to find, recruit,
and retain experts.

However, throughout thepast decades, rapid advances in computation (notably, the introduc-
tion of the personal computer and later the world-wide-web) led to dramatic declines in the cost
of information production and communication, thereby enabling unprecedentedly large numbers
of people the means to collaborate in knowledge production, curation, and dissemination. In the
early 21st century, new patterns of organizing emerged, such as commons-based peer-production,
crowdsourcing, and social computing, affording alternative avenues for knowledge production
and innovation, and challenging existing organizational models [22, 75, 84, 104]. For instance,
whereas before corporate innovation was almost exclusively done within companies and labora-
tories, now they are aided by crowds who participate in innovation contests; and whereas before
a large encyclopedia such as the Encyclopedia Britannica was compiled by paid subject domain ex-
perts through organized, scripted, hierarchical processes, now Wikipedia is run by a “ragtag band
of volunteers” [110]. Books and articles (e.g., References [73, 97, 102–104]) celebrated these new
organizational forms, highlighting the way in which they eschew the reliance on expert employees
in favor of the new king: the crowd. Prominent among the examples celebrated in many of these
essays was Wikipedia.

3Expertise can also emerge from interaction in groups and organizations [24, 107], but our focus here is on the contribution

of individual experts.
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2.2 What Do We Currently Know about Expert Involvement in Wikipedia?

As of today, Wikipedia is one of the most prominent examples of communal co-production of
knowledge. It is the world’s largest and most-viewed encyclopedia, offering unparalleled breadth.
As of January 2019, there were instances of Wikipedia in nearly 300 languages, offering a total of
49.4M articles.4 The English language Wikipedia is the largest project, with more than 5.7M arti-
cles.5 Although it is generally not accepted as a primary, conclusive source of credible information
in formal institutions (e.g., academia or in court), it is widely used as a reference, and several studies
have found its articles to be of good quality.6

Since its inception as a side project that was aimed to feed its faltering predecessor—the expert-
written, expert-reviewed Nupedia—Wikipedia has adopted an approach that has been described
as “anti-credentialist.’’ Wikipedia’s articles are open for all to edit, regardless of their credentials
or level of expertise, and the voices or opinions of credentialed subject-matter experts do not get
any extra weight in decision-making processes. As cofounder Jimmy Wales told The Guardian: “To
me, the key thing is getting it right, and if a person’s really smart, and they’re doing fantastic work,
I don’t care if they’re a high-school kid or a Harvard professor” [28]. Not everyone agreed with that
approach, though. Notably, the other cofounder, Larry Sanger (who left the project in 2002) ex-
pressed concerns about Wikipedia’s perceived credibility and a “crying need to get more experts on
board and a publicly credible review process in place” [93]. Within the Wikipedia community itself,
the discussion about expert involvement has often focused on credentialed experts. For instance,
under the section “What is an expert editor?” the Wikipedia Essay Wikipedia:Expert retention7

suggests that “an expert editor is a user with an advanced degree, such as a PhD, a professional de-
gree, such as a Juris Doctor or equivalent professional expertise (e.g., a widely published novelist) who
is contributing to Wikipedia in his or her field of expertise. Some editors may consider graduate stu-
dents who are working on doctoral degrees to be functioning at a high level of expertise, though lower
than a Professor with a PhD.” This debate about the way Wikipedia should treat expert credentials
has continued ever since, within the Wikipedia community, as well as among scholars and critics
[32, 97].

Though, as we explained, expertise and credentials are not one and the same, it appears that to
Sanger (and others), they were. One reason for that might be that although there are many true
experts who do not have diplomas or similar kinds of formal credentials, credentials—so long as
they are genuine—are a helpful and sometimes critical means of identifying true experts. While in
some social settings such as long-standing organizations and small communities-of-practice where
people know each other for a long time, people are often able to recognize one’s expertise, this
naturally becomes a challenge in a large online community such as Wikipedia, with loose member-
ship, where most people do not know each other, and where a lot of interactions are transactional.
In such a setting, verifiable credentials can become an important signal of expertise.

The anti-credentialist stance of Wikipedia does not stem from a lack of appreciation of the value
that experts can contribute to Wikipedia. It is almost self-explanatory why contributions by ex-
perts can be very valuable. But as the failures of Nupedia and Citizendium have demonstrated,
relying solely on experts inevitably leads to a bottleneck and to a slow publishing process. How-
ever, Wikipedia’s anti-credentialism also led to issues and challenges, including article quality
and public perception. Importantly, dealing with a large crowd of non-experts, at times including
trolls, proved challenging to many expert editors [93], and some of them have vocally left. This has

4Source: Wikipedia, https://en.wikipedia.org/wiki/List of Wikipedias.
5Source: Wikimedia Foundation, https://stats.wikimedia.org.
6For a comprehensive review of relevant studies, see https://en.wikipedia.org/wiki/Reliability of Wikipedia.
7https://en.wikipedia.org/wiki/Wikipedia:Expert_retention.
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resulted in a backlash within the community, as reflected in several highly viewed essays that called
for reflection and changes in Wikipedia’s policies.8 For example, one of the essays raised the ques-
tion, “How can we attract and retain experts in Wikipedia? If Albert Einstein were alive today, would
he want to contribute?.”9 Some attempts to change were made—specifically, Wales himself tried to
push for a “credential policy” that may give more consideration to the opinions of credentialed
experts, but it was not accepted, and for now, Wikipedia’s anti-credentialist stance remains.

Although Wikipedia decided not to grant any special authority to editors based on any external
credentials, recognition of the potential value of experts’ involvement and other strategic concerns
have led the community, as well as Wikimedia foundation, to seek ways to better the relationship
between Wikipedia and various expert populations [39]. Two notable initiatives are GLAM and
the Education Program. The GLAM (galleries, libraries, archives, and museums) outreach10 assigns
experienced Wikipedia editors to work with local representatives at cultural institutions in an
attempt to bring certified knowledge to Wikipedia articles.11 The program started in 2010 and
established cooperation with institutions such as the British Museum in London, the Smithsonian
Archives of American Art, Museu Picasso in Barcelona, and more. In the first couple of years, the
GLAM program contributed to over 2K articles in over 50 languages. The Wikipedia Education
Program invites “educators and students around the world [to] contribute to Wikipedia and other
Wikimedia projects in an academic setting.” Over four years, more than 10K students have partic-
ipated in the program, contributing to more than 10K Wikipedia articles in multiple languages.12

Interestingly, calls to involve experts also originated outside of Wikipedia, and papers published
in scientific journals discuss the potential merits that scientists can gain from using and contribut-
ing to Wikipedia [52, 58, 71]. While initiatives such as GLAM tell us something about experts’
involvement in editing Wikipedia (e.g., when it is performed through these initiatives), there are
many expert contributions that are done independently.

To date, only few have attempted to estimate the extent of experts’ contributions to Wikipedia.
Some rough aggregate survey data appears in Wikipedia.13 Specifically, a survey of Wikipedia edi-
tors that was conducted by the Wikimedia Foundation in 2011 and focused on scholars in academe,
estimated that 61% of participants were graduates of degree-level education: 35% with undergrad-
uate degrees, 18% with a master’s degree, and another 8% with doctorates [55]. While these figures
suggest that Wikipedians are by-and-large educated, undergraduates (or even graduate) students
are not usually considered as subject-matter experts [24, 36, 49–51]. Around the same period, the
Wikimedia Foundation conducted a study of experts’ involvement in Wikipedia, focusing on schol-
ars in academe [105]. Beyond serving as indication of Wikipedia involving experts, this survey has
revealed some interesting insights. Notably, it found that scholars contributing to Wikipedia hold
various positions: PhD candidates, to postdocs, non-tenured faculty, tenured faculty, researchers
in industry, and other professional experts (the former and latter contribute the most, possibly be-
cause they have more time on their hands). Further, findings from the survey indicate that many
experts contribute primarily in their area of expertise (48%), yet many contribute outside their
domain (35%); and some contribute both in and out of their area of expertise (17%) (interestingly,
the majority of survey respondents recognized that Wikipedia policies discourage writing about
their own research, i.e., it is considered self-promotion). Notwithstanding the value of such sur-
veys, much is still unknown about the actual impact of experts on Wikipedia. These data do not

8See https://en.wikipedia.org/wiki/Category:Wikipedia_essays_on_experts_and_expertise.
9https://en.wikipedia.org/wiki/Wikipedia:Expert_retention.
10https://en.wikipedia.org/wiki/Wikipedia:GLAM.
11https://en.wikipedia.org/wiki/Wikipedia:GLAM.
12https://outreach.wikimedia.org/wiki/Education/About.
13https://en.wikipedia.org/wiki/Wikipedia:Wikipedians#Demographics.
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tell us what are the levels of involvement of those participants, nor do they tell us whether these
participants’ contributions were done in their respective areas of expertise.

How, then, can insights about experts’ involvement in Wikipedia be gained? As of today,
Wikipedia does not require editors to identify themselves or even to register, and its editors are of-
ten anonymous. Growing to recognize the value of experts’ contributions, Wikipedia now provides
a standard linked-data mechanism for experts to manually identify themselves and establish their
credentials (e.g., link to an academic institution) using the ORCID identifier.14 However, the adop-
tion of this mechanism has been rather slow, hampering any investigation of experts’ involvement
and the scope of their contribution.

In summary, we know that Wikipedia is interested in experts’ contributions, although it is not
willing to privilege any formal mark of expertise nor to grant recognized experts any special roles
within the community. We also know that many editors edit anonymously—either without reg-
istering at all, without logging in, or using nicknames—which poses a challenge for any attempt
of quantitative empirical inquiry into the scope and nature of expert work in Wikipedia. It also
makes it challenging for Wikipedians to recognize expert editors whose help may be needed in
various tasks. An automated tool that can help identify experts and their work may therefore be
desired and useful, for both research and practice.

3 PREVIOUS EFFORTS ON DETECTING EXPERTS’ CONTRIBUTION TO
PEER-PRODUCTION

Given our working definition of experts as people with extensive knowledge and honed skills, it
follows that an automatic procedure for expert detection should seek evidence for knowledgeabil-
ity in the contributions one makes to the shared repository.

Relevant to our work, the topic of finding experts in online communities has been an active
research area. Online communities are often used for advice or help seeking [99], and it is therefore
important for members of the community (or guests) to be able to find and identify experts within
the community who may possess relevant knowledge for addressing their issues or queries [2].
In some settings, this task has been referred to as “competency management,” seeking to identify
“who knows what” [116].

Most works on expert-finding describe the members of the online community using some
content-based model, mapping users’ past contributions onto lexical or topic-based space; the rel-
evance of users to a focal question is then assessed in terms of their content similarity in that
space [27, 31, 42, 69, 115, 116]. Several studies further relied on interaction patterns and social
network information to gauge the level of knowledgeability or authority of users [3, 17, 26, 31, 79,
115]. For example, these works assume that community members who tend to answer rather than
ask questions have a higher level of knowledge than their peers, or consider available feedback
scores as proxy to the quality of past answers, e.g., Reference [26]. Pal et al. [86] further claimed
that when questions are marked as “poorly” or “partly” answered, this attracts the attention of ex-
pert users. Such explicit indications available in certain online question-answering communities
are not used by the Wikipedia co-production community, however.

To the best of our knowledge, there has been little work on identifying subject-matter experts
in online co-production communities such as Wikipedia. Demartini et al. [46] proposed to create
a profile for each Wikipedia user based on the articles they edited in the past, assuming that these
pages reflect the user’s knowledge areas. They further assumed that editors of highly linked arti-
cles in Wikipedia were experts in the respective knowledge domain. No empirical evaluation was
included in their work, due to the lack of community judgements or other indicators of expertise

14See https://orcid.org/, https://en.wikipedia.org/wiki/Wikipedia:ORCID.
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within the Wikipedia community. We believe our study to be first to provide empirical evidence
regarding experts’ involvement and its characteristics in Wikipedia.

Few works have attempted to estimate the quality (or trustworthiness) of particular revisions of
Wikipedia articles, for example the Wikimedia Foundation’s ORES (Objective Revision Evaluation
Service) project,15 which uses automatic machine learning methods and is trained on Wikipedia’s
community-based article scoring procedure [45, 95].16 Analyzing the quality difference of consec-
utive revisions allows deducing the quality added/lost in a particular edit, and aggregating these
scores per editor may provide a proxy for the overall quality of their contributions. However,
improved quality may result from added clarity and better articulation, which do not necessarily
require domain-specific knowledge. Some other works studied an edit’s “persistence” (or longevity,
i.e., how long the content remains in the article until removed or overwritten through the commu-
nity’s ongoing refactoring process) and derived an editor’s aggregate “reputation” score [4, 5, 64].
Whereas such approaches measure indicators that may possibly correlate with expertise, they do
not gauge domain expertise directly. Since these elements of content relevance and contribution
persistence could in theory be positively correlated with domain expertise, we have included them
in our modeling, among many other types of evidence.

We are not aware of any work that studied the activities of experts in Wikipedia, nor in simi-
lar citizen-based co-production initiatives. There is an active area of research studying contribu-
tors’ trajectories of participation [7, 10, 70, 114], often linking activity profiles to personal char-
acteristics, (e.g., motivation [20]), or to functional roles within the Wikipedia community [15].
Particularly relevant to our investigation are prior studies that distinguished between content-
oriented and community-oriented contributors [14, 16], suggesting that those focusing on content
co-production are on average less active and tend to focus their activity in few pages. These works
suggest that experts are likely to concentrate on content-related activities. In this work, we include
and put to test similar information in modeling and characterizing the activity of subject-matter
experts.

4 RESEARCH QUESTIONS

To date, there is a dearth of empirical research on expertise in Wikipedia (and more broadly, in
knowledge co-production). Our review has highlighted some noticeable gaps in the literature. The
goal of this study is to fill in these gaps and characterize the experts that contribute to Wikipedia,
as well as to assess the scope of their contribution.

Our study aims to address the following research questions:

RQ1 What are the characteristics of SMEs’ work that distinguish it from other editorial work in
Wikipedia? In other words, what activities do SMEs do? And how do these differ from the
activities of non-experts?

RQ2 What portion of Wikipedia’s editors are SMEs (with respect to the articles edited)? What is the
scope of SME work in Wikipedia?

RQ3 To what extent does SMEs’ involvement vary across Wikipedia articles?

To address these research questions, which involve the assessment of SMEs’ contributions to
Wikipedia at scale, we devised an automatic approach that reliably identifies SMEs in Wikipedia.
Formally, our goal was to automatically determine, with a good degree of confidence, whether
a given editor e , who has edited Wikipedia article a, was an expert with respect to that article’s
subject domain. This task is challenging, since little is known about the editors: The majority do

15The ORES tool; see https://meta.wikimedia.org/wiki/Objective_Revision_Evaluation_Service.
16https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Wikipedia/Assessment.
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not register within the community (following previous work, we shall identify the non-registered
users by their device’s IP address [14]); among those who are registered, only a small portion
disclose personal details, such as their name or self-description. And, rarely do editors explicitly
mention subject-matter expertise—possibly a reflection of the community’s stance on the issue.
Even if there exists an indication of subject-matter expertise (e.g., on one’s personal user page on
Wikipedia),17 ideally this self-reported evidence should be verified through external sources.18

Consequently, a comprehensive approach for identifying subject-matter expertise must rely on
implicit markers of editorial activity, as opposed to explicit information about the editor. We address
this aim using a lightly supervised learning framework, based on the following key components:

i. We observe that a subset of editor-article pairs {<e,a>} may in fact be attributed with
consensual and provable notion of subject-matter expertise, namely, scholarly expertise. To
that end, we identified and manually annotated examples of editor-article pairs, for which
there exists strong evidence of editor e being an SME with respect to an articlea that she has
edited in the form of relevant academic credentials. Only a small minority of editor-article
pairs could be verified as scholar SMEs, however; to overcome this problem of searching for
a needle in a haystack, we devised a semi-automatic annotation procedure that first scans
a large volume of editor-article pairs, tracking possible indicators of scholarly expertise
within the editors’ Wikipedia pages, as well as outside of Wikipedia. We then focused our
annotation effort accordingly on candidate editor-article pairs that were likely to include
relevant evidence of scholarly expertise.

ii. Given the labeled SME and counter examples, we apply learning to predict subject-matter
expertise for unlabeled editor-article pairs. While explicit personal information must be
used for manually determining and validating expertise, the automatic expertise predic-
tion module only considers implicit statistical descriptors of editorial activity as available
evidence. This makes the learning model applicable to all kinds of editors, including a
large population of anonymous non-registered editors, for whom no personal information
is available. To the extent that SMEs share some characteristics of editorial activity, regard-
less of their credentials, we expect, and indeed show, that a model of expertise prediction
trained with respect to scholars applies also to domain experts who are not credentialed.

5 ANNOTATION OF SUBJECT-MATTER EXPERTS

Our first challenge was the detection and annotation of SME editor-article pairs. In this section,
we describe in detail the data sampling and annotation procedures designed for this study and the
resulting labeled dataset.

5.1 A Wikipedia Article Sample

We refer in this study to a corpus of 1K Wikipedia articles composed of a balanced mixture of
articles across different topical categories and article maturity levels, having been constructed
using a double-stratified sampling procedure [7]. Importantly for our purposes, the articles in this
collection have been analyzed with respect to the types of production activities (i.e., co-authoring
of encyclopedic entries on Wikipedia’s Main namespace) performed by editors throughout the
articles’ history. Concretely, each revision (defined as the difference between two consecutive
versions of an article) of every article in the corpus, starting from the article’s creation date, was
tagged with the relevant activities, where a single revision may contain multiple types of edits.

17https://en.wikipedia.org/wiki/Wikipedia:User_pages.
18For a controversy regarding a Wikipedian’s falsified credentials, please see https://en.wikipedia.org/wiki/Essjay.
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The underlying taxonomy of wiki-work includes well-defined categories, such as: add substantive
new content, rephrase existing text, add references to external sources, remove vandalism, fix typos,
and more. The tagging procedure involved a combination of manual annotation and a machine
learning approach. We refer the reader to Reference [7] for additional details regarding this
sample of articles and how it was processed.19

5.2 Annotation Guidelines

While there exist various types and levels of expertise, we focused our labeling efforts on a well-
defined notion of expertise, namely, scholarly expertise. Having identified editor-article pairs for
which we detected evidence of in-domain scholarly expertise, such pairs were annotated as pos-
itive examples of SMEs. Concretely, we labeled as SMEs editors with PhD-level education in a
knowledge area relevant to the focal article. To determine whether this condition holds, the annota-
tion process relied on all evidence available, both within and outside Wikipedia, including: indica-
tions of expertise on the editor’s personal page; being able to discern an editor’s first and last name
so her identity could be tracked and expertise validated in external Web resources; and, verification
that the editor’s area of expertise matched the topical domain of the particular article in question.20

Table 1 illustrates the annotation guidelines through several examples. The table includes the
descriptions provided by editors on their personal Wikipedia pages. As shown, the editor in (a) self-
attests to be a biological oceanographer. As the full name of the editor was disclosed in this case, we
were able to find that editor’s researcher profile on Google Scholar21 and validate this information.
Considering the relevance of the editor’s area of expertise to the focal article (“Algae”), this instance
is to be labeled as SME. Example (b) belongs to a Professor of Computer Science. Also in this case,
the editor’s real name was disclosed, and we were able to track their public researcher profile. Since
the subject domain of the editor’s expertise and the focal article edited (“king’s graph”) match, this
example was labeled as SME. As mentioned on the personal page of editor (b), that editor also
edited articles on other topics, such as California Geography, and others; notice that if the focal
page concerned a geography concept, this particular editor would not have been labeled as SME,
due to mismatch between the focal topic and formal expertise. Example (c) is yet another example
of editor-article pair labeled as SME; in this case, the editor added structured infoboxes to his
Wikipedia personal page indicating that they had a PhD degree, as well as included a link to their
researcher profile.

Examples (d)–(f) in Table 1 include indications of some level of expertise mentioned on the user
personal page, where the editors describe themselves as an academic staff, a software engineer, and
a hobbyist of Genealogy, respectively. Since relevant formal education could not be verified based
on the information on the editors’ personal pages, nor based on external sources, neither of these
editor-article pairs were labeled as SMEs for our purposes (despite some topical relevance between
the editor’s self-description and the focal article in example (d)). Finally, examples (i)–(j) lack any
indication of domain expertise on the editors’ pages or elsewhere and were not labeled as SMEs.

5.3 Example Sampling: Overcoming the Needle in a Haystack Problem

The annotation of scholarly expertise according to the meticulous guidelines outlined above in-
volved manual search and verification of relevant evidence within Wikipedia and the Web, and
was therefore costly and limited in scope. Crucially, the proportion of editor-article pairs for which

19The original corpus extracted and annotated dates to the January 2012 dump of the English Wikipedia; see https://dumps.

wikimedia.org/. As part of our prediction experiments reported in Section 7.2, we extended this analysis until July 1, 2018.
20We emphasize that the annotators have not examined the editor’s activity on the focal page or elsewhere on Wikipedia

for identifying expertise.
21https://scholar.google.co.il/.
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Table 1. Annotation Guidelines, Illustrated by Example Editor-article Pairs

Strong evidence of
scholarly expertise:

(a) “Algae”–“I am a biological oceanographer working the Station Biologique in Roscoff,
France, a marine biology laboratory located off the coast of northern Brittany. The
Station Biologique is affiliated with CNRS and the Universite Pierre et Marie Curie in
Paris. My research focuses on picoplankton, the smallest creatures of marine plankton
with size below 2 μm. ... Publications: Unicellular cyanobacterium symbiotic with a
single-celled eukaryotic alga, Bolidomonas: a new genus with two species belonging
to a new algal class, the Bolidophyceae (Heterokonta), and more.”

(b) “King’s graph”–“I’m a computer science professor at NA. Much of my Wikipedia edit-
ing is on mathematics articles, but I’ve also edited articles on computer science, aca-
demic biography, the arts, and California geography. I’ve also contributed many dia-
grams and photographs to Wikipedia and Wikimedia Commons. As an employee of
a public university I believe that public outreach is part of my job description, and in
that sense that my edits here to subjects within my professional expertise are paid ed-
its. However, the topics and content of my editing here are wide-ranging and entirely
self-directed. I neither participate in, nor condone, paid edits for specific articles or
content.”

(c) “Arthur Eddington”–“XXX is known in the real world as XXX, who lives in XXX.
I’ve been making small edits to Wikipedia since November 2007.” User box: “MPhys
This user has a Master of Physics degree.”; “PhD This user has a Doctor of Philoso-
phy degree.” http://www.astro.cardiff.ac.uk/contactsandpeople/XXX Image: Dr. XXX
https://scholar.google.co.il/XXX Image: scholar, postdoc

Insufficient evidence
of scholarly expertise:

(d) “Ayn Rand”–“I worked for Indiana University at Indiana University Purdue University
Indianapolis for several years, where I earned degrees in philosophy and political
science.”

(e) “Same-sex marriage in Iowa”–“I am a software engineer in the Seattle area. I have a
master’s degree in computer science from the University of Wisconsin-Madison and
a bachelor’s degree from Iowa State University in computer engineering. My personal
interests include computers, curling, traveling, bridge, board games, science fiction,
hiking, politics, investing, and music.”

(f) “Contraflow lane reversal’’–“I’ve spent hundreds of hours doing online genealogical
research. As much as I’ve learned about my ancestors (over 500 of them and almost
2000 relatives!), I’ve also learned a tremendous amount of US and European history
and may make an occasional edit on a subject relating to my research.”

No indication of
expertise:

(g) “Contraflow lane reversal”–“I am a Wikipedia:administrator since July 5, 2004. I first
contributed to Wikipedia in April of 2001 (oldest edits lost in early software upgrades).
My first edit with my username appears to be on April 26. I have been active on a
number of online projects—active and passive (SETIHome, Distributed Proofreaders,
Mars crater labeling, Star- dustHome, FoldingHome on the Wikipedia team: Team
page, etc.)”

(h) “Gastrointestinal tract”–“Hi, I’m XXX, I’m a Geek and Wikipedia administrator living
in Cambridge.”

The table quotes the editors’ Wikipedia pages: some pages (examples a–c) include evidence of relevant scholarly expertise

as defined in this work, namely, formal PhD-level qualification; some other editors may be domain experts, but do not

qualify as scholarly SMEs according to the descriptions on their pages (examples d–f); and some pages do not indicate

expertise (examples g–h). The process of annotating editors as scholarly SMEs relied on their page descriptions and

complementary Web searches. In addition, it required a match between the editor’s area of expertise and the topic of the

focal page.

sufficient evidence may be found is small; annotating a random sample of editor-article pairs would
therefore yield a poor number of provable positive examples. To overcome this problem of “find-
ing a needle in a haystack,” we devised a heuristic rule-based scoring strategy, screening a large
volume of editor-article pairs for their potential as provable SMEs before proceeding to the manual
analysis.
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In brief, the automatic scoring procedure aims to identify relevant evidence that might be use-
ful for the human annotators. It scans two sources of potential evidence: the personal Wikipedia
page of the editor in question (if exists), and indications of the editor’s publication history on
the Web. We devised a set of scoring rules, searching for the presence of concrete terms on the
editor’s personal Wikipedia page that we believed were highly indicative of scholarly expertise,
e.g., “PhD” and “doctorate,” as well as more general and possibly ambiguous terms, such as “aca-
demic” and “expert.” We assigned a weight to each term to reflect their presumed predictive power,
respectively. The scoring heuristic computes the total weight of the terms found on the editor’s
personal page, as pages that contain multiple expertise-related terms are more likely to indeed in-
clude self-attested indication of scholarly expertise. To track relevant scholarly publication history,
we devised an automatic procedure that aims to match an editor with her researcher profile on
Google Scholar and assess the topical relevance of her publications with respect to the Wikipedia
article that she has edited.

We applied the automatic scoring procedure to all of the distinct editor-article pairs that com-
prise our reference corpus (Section 5.1). Based on the outcomes of this procedure, we were able
to identify candidate SME editor-article pairs and prioritize them for further manual investigation
and verification. Indeed, high ratios (as high as 69%) of verifiable SME were found among editor-
article pairs that have been highly scored by our heuristic. To complement and diversify the set of
annotated examples, editor-article pairs for which partial or weaker indications of expertise have
been tracked by the heuristic were sampled and annotated.

Complete details about the scoring heuristic, its results, and the sampling of candidate pairs for
manual annotation, are provided in the Appendix.

5.4 The Labeled Dataset

The manual annotation of candidate editor-article pairs was performed by a member of our re-
search team and two paid undergraduate students. Following a training phase, which included a
discussion of points of disagreement per a set of co-annotated examples, the remaining examples
were qualified by each rater independently. Inter-annotator agreement among the three annota-
tors, measured on a set of 100 editor-article pairs, was estimated at Fleiss agreement rate [53] of
0.77, which is considered to be “substantial” [53] or “excellent” [37]. Once we ensured inter-rater
agreement was good, the annotators continued to manually assess the remaining candidate SME
examples.

Overall, 506 distinct editor-article pairs were manually validated as SMEs. Table 2 details the
distribution of the positively labeled pairs across articles, and across Wikipedia’s topical categories.
As shown, the positive examples were drawn from the histories of 211 distinct articles in the
reference corpus.

To distinguish SME from non-SME editor-article pairs, we aimed to complement our dataset
with counter examples. Crucially, while the annotation of positive examples involved the iden-
tification of concrete and definite evidence of domain expertise, it was impossible to ascertain
that an editor was not an SME with respect to an article that they have edited. Mainly, an editor
may choose not to publicly disclose, or conceal, relevant information about their qualifications
or background—on their personal page or elsewhere. Manual annotation of non-SME examples
would have therefore been costly and ineffective, and would have likely yielded low agreement
rates.

Instead, we collected counter examples in the following fashion: For each article that contained
positively labeled examples, we sampled a similar number of editors, who have not been labeled
as SMEs, considering these editor-article pairs as counter examples. To diversify our sample, we
distributed the selection of counter examples according to their assessment by our automatic scor-
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Table 2. Dataset Statistics: The Number of Distinct Editor-article Pairs
Labeled as SMEs and Counter Examples, and the Number of the

Respective Source Articles, per Topical Category

Topical category Articles SME examples Counter examples
Agriculture 10 19 31
Arts 4 5 7
Business 4 5 10
Chronology 2 5 8
Concepts 11 31 35
Culture 6 12 14
Education 10 20 16
Environment 10 17 27
Geography 8 10 13
Health 15 56 43
History 5 12 14
Humanities 6 9 7
Humans 7 21 19
Language 9 26 29
Law 7 9 12
Life 7 15 15
Mathematics 24 80 46
Medicine 21 42 34
Nature 14 42 47
People 3 5 5
Politics 5 12 17
Science 14 43 53
Society 6 7 10
Technology 3 3 2
Total 211 506 514

ing procedure. Thus, our samples include Wikipedia editors who own personal user pages, with
no formal expertise words mentioned in them (as in examples (e)–(g), Table 1); editors for whom
low topical similarity was found between their publication profile and the focal article; and edi-
tors with insufficient evidence altogether of their background or interests. Concrete details on the
sampling of the counter examples are provided in the Appendix.

As shown in Table 2, the resulting dataset is balanced, containing a similar number of posi-
tive and counter examples across articles and topical categories. (It is possible that this dataset
over-represents the SME examples compared with their true prevalence in Wikipedia, or vice
versa—indeed, the true proportions of SMEs are unknown.) We follow the common practice of
constructing a balanced dataset, where this setup has been shown to support effective learning
(e.g., References [89, 91]).

We emphasize that compared with the meticulously annotated SME examples, the counter ex-
amples reflect lower level of certainty. Mainly, it is possible that the counter examples include SME
editor-article pairs, which merely lack indication of relevant editor expertise. Yet, while mixed
and noisy in this sense,22 the overall distribution of the counter examples is expected to exhibit

22Because of possible label noise, and to avoid confusion, we use the term “counter examples,” rather than “negative”

examples.
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substantially lower levels of SME editor-article pairs compared with the distribution of the posi-
tively labeled examples.23

Indeed, we later show that the two populations—the SME-labeled and the counter examples—
differ significantly on multiple dimensions of editorial activity, thus qualifying as valuable data for
learning purposes.

6 AUTOMATIC IDENTIFICATION OF SUBJECT-MATTER EXPERTS

We now turn to examine the learning task that is central to this research. Given an editor e who
has made edits to Wikipedia article a, we wish an automatic agent to determine whether e is
subject-matter expert with respect to a. Importantly, the automatic expertise identification process
is denied access to explicit information about the editor, either within or outside Wikipedia. While
we used such information for detecting and manually verifying SME, a large mass of editors do not
maintain a personal page on Wikipedia, nor disclose their true identity. Therefore, a generalizable
learning model must rely on implicit indicators of editorial behavior. In what follows, we describe a
set of features designed to capture the editorial activity patterns of editor e within the focal article
a, as well as across Wikipedia. We then assess learning performance using the labeled dataset,
measuring the extent to which the labeled SME editor-article pairs are identified as such by several
learning algorithms. In addition, we assess the classifier’s performance on a separate, unlabeled
dataset, observing its capability to identify experts “in the wild.”

6.1 Features Describing Editorial Activity

The feature types that are proposed and examined in this work are summarized in Table 3. Hereby,
we describe and motivate these features in detail.

6.1.1 Focal Page Activity. We were first interested in encoding relevant aspects of editorial ac-
tivity performed by editor e on the focal article a throughout the article’s history. A set of features
were designed to capture the intensity of that activity; possibly, large and repeated contributions
indicate on expertise in the subject-domain. We further considered the nature of co-authorship ac-
tivity on the focal article. Previous work by Arazy et al. [7] employed a taxonomy of wiki-work,
including the categories of: adding references to external sources, e.g., scientific citations; adding sub-
stantive new content; adding or modifying Wiki Markups; moving or creating a new article; deleting
substantive content; fixing typos and grammatical errors; reorganizing existing text; rephrasing exist-
ing text; inserting vandalism; deleting vandalism; adding of hyperlinks (to other Wikipedia pages);
or, miscellaneous activities. We wished to explore whether the distribution of the different activity
types performed by editors are indicative of domain expertise. Having the revisions in the refer-
ence corpus assigned with these wiki-work categories (see Section 5.1), we encoded the proportion
of each of the activity types (12 in total) for each editor-article pair. In addition, for the same pur-
pose, we measured the count and ratio of content words (as opposed to functional and punctuation
words) contributed by the editor as part of their co-authorship activity on the focal article.24

The proposed features further assess the topical relevance of the editor’s contributions to the
article—how central are the editor’s contributions to the article’s main theme? Topical relevance
was modeled based on the explicit semantic analysis (ESA) semantic similarity measure [48,
56],25 gauging and summing over the semantic overlap score between each of the text fragments
added by the editor throughout the article’s history and the focal article’s theme; specifically, we

23Learning in the presence of labeling noise is common practice in some settings, e.g., References [44, 90, 108].
24We used Scikit-Learn to distinguish between content and non-content words [82].
25The ESA measure maps each term to Wikipedia’s articles in which it is pronounced; similarity between texts is then

computed using cosine similarity in this so-called explicit representation space.
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Table 3. Description of the Feature Types Used to Model the Editor’s
Activity on a Focal Article, as well as across Wikipedia

Category Feature type Reg.

Activity on the focal article:

Intensity of activity in
page

total page edits: total number of edits made by editor e in the focal article a

throughout its history.

page edits ratio: the ratio of edits by e out of all edits made on article a.

mean edit interval: the frequency in which e performed edits to article a.

mean edit size: the mean length of the modified text in a single edit, mea-
sured in tokens and in bytes.

edits period: the ratio of edits by editor e in each quarter of the life span of
article a.

Nature of co-authorship
activity

edit types: the distribution (proportions) of editor activities mapped to wiki-
work categories defined by Reference [7].

content token count: the total number of content words contributed by editor
e to article a throughout its history.

content token ratio: the ratio between content and non-content words (“stop
words,” punctuations) contributed by editor e to article a throughout its
history.

Topical relevance contributions’ relevance: measured as the summation over the ESA similar-
ity scores between each of the textual fragments added by e to article a

throughout its history and the (current) article’s summary.

Longevity of
contributions

persistence: average persistence period per token added by editor e to article
a, i.e., the length of period until being modified by other editors.

Coordination activity edits on “talk page”: total number of edits made by e on the talk page of
article a.

√

Cross-Wikipedia activity:

Topical focus structural similarity: topical coherence among other articles edited by e and
the focal article a measured in terms of common hyperlinks and common
Wikipedia categories.

content similarity: topical coherence among other articles edited by e and
focal article a measured in terms of ESA similarity, considering the articles’
titles or summaries.

Production activity
(main namespace)

distribution: the entropy of the edits by e across all articles that they con-
tributed to.

Activity in Community tenure: total length of activity of editor e in the Wikipedia community since
their registration date, and the total number of pages they edited in all of
Wikipedia’s namespaces.

√

activity focus: the ratio between the total number of edits by e in
Wikipedia’s main namespace and the total number of edits across all names-
paces.

distribution of activity: the proportion of the number of edits by e in each
of the non-main namespaces of Wikipedia and the total number of edits by
e across all namespaces

√

As indicated, some of the proposed feature types are limited to registered editors (Reg).
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considered the summary paragraph of the article, which typically describes the focal concept at
high level.26

Presumably, the content contributed by subject-matter experts would be valued by the commu-
nity. Following previous work [64], we assessed the persistence of individual contributions in terms
of the time duration of being included in the article before being removed or modified in subse-
quent revisions. Having all of the tokens modified by the editor annotated with their persistence
in seconds,27 we modeled the average token-level persistence of the editor’s contributions to the
focal page.

Finally, editors who are registered Wikipedia users may contribute to the “talk page” associated
with the article, which is used for inter-editor discussions.28 For those editors, we modeled their
involvement in this coordination activity as the total number of edits made by them on the talk
page; possibly, expert editors differ from non-expert contributors on this dimension.

6.1.2 Other Activity in Wikipedia. In addition to the editor’s history on the focal page, we con-
sidered her past edits across all of Wikipedia’s articles, aiming to capture a broader view of the
editor’s interests and activity patterns. Presumably, SMEs would tend to edit articles related to
their area of expertise. To capture such topical focus, we identified up to five articles besides the
focal article, which the editor contributed to the most, and evaluated the similarity between this
set of articles and the focal article. As detailed in Table 3, both structural and content-based mea-
sures were employed in assessing inter-article similarity for this purpose, including the average
number of common hyperlinks and Wikipedia categories between each of the reference articles
and focal article, as well as the average of the respective ESA semantic similarity scores.

The proposed features also measure the editor’s general tendency to focus her attention on a
limited number of articles. We modeled the distribution of the editor’s past contributions across
articles in terms of entropy, where entropy would be generally higher for editors who have made
small changes across a large number of articles, and low for editors who have focused their editorial
efforts on a limited set of articles.

Finally, we were interested in representing aspects related to the editor’s activity in the com-
munity. For those editors who are registered, one may accurately measure their overall period of
activity in the Wikipedia community; we encoded this “tenure” period as a feature. Additional
features were designed to capture the editor’s activity across all of Wikipedia’s namespaces.29 Un-
like the main namespace, which accommodates co-authorship activities, the other namespaces of
Wikipedia are used for coordination and policy management. The proposed feature types mea-
sure the editor’s concentration on co-production activity as the ratio of their past edits on the main
namespace as opposed to the other namespaces of Wikipedia, as well as the proportion of her edits
in each namespace of Wikipedia; presumably, SMEs’ focus of activity across Wikipedia’s names-
paces might differ from that of non-SMEs. Notably, the other namespaces of Wikipedia, besides
the main namespace that is dedicated to encyclopedic entries, are typically edited by committed
registered members of the community, whom we refer to as Wikipedians. Given our desire to learn
a model of wide applicability and the desire not to bias prediction towards sub-class of the popu-
lation, we excluded these and other feature types that may be characteristic of Wikipedians (see
Table 3) in learning, and consequently, in predicting expertise among the general population of
editors.

26https://en.wikipedia.org/wiki/Wikipedia:Summary_style.
27We acknowledge Aaron Halfaker for the provided dataset with a pre-calculated persistency of every edit in English

Wikipedia.
28https://en.wikipedia.org/wiki/Wikipedia:Talk_page_guidelines.
29https://en.wikipedia.org/wiki/Wikipedia:Namespace.
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Table 4. 10-fold Cross-validation Classification Results Using
Our Labeled Dataset and Different Learners

Algorithm Precision Recall F1 ROC (AUC)
KNN 0.601 0.617 0.608 0.641
SVM 0.602 0.598 0.598 0.663
Random forest 0.736 0.769 0.750 0.818
XGBoost 0.737 0.772 0.752 0.832

In favor of generalization to all types of users, only those features that

pertain to activity in public main namespace of Wikipedia are used.

6.2 Classification Setup

In learning, we describe each editor-article pair {<e,a>} in terms of the proposed feature functions,
ignoring any other information that may be available, such as the editor’s self-description on their
personal page. That is, learning must track subject-matter expertise from information about the
editor’s past activity on the focal article and across Wikipedia as represented by the feature de-
scriptions. The learning model is therefore applicable also to those editors who do not disclose any
personal information.

We used the labeled dataset for training classifiers to identify SME editor-article pairs, having
learning performance evaluated by the extent to which the classifiers successfully distinguished
the labeled SME examples from the counter examples. We experimented with several learning
algorithms, including the example-based KNN, max-margin linear SVM classifier,30 and the tree-
based algorithms of random forest and XGBoost [67] as implemented in the “Scikit-Learn” learning
suite [88]. In our experiments, we computed ESA similarity using a publicly available implemen-
tation.31

Table 4 details the classification results, measuring the extent to which the learned models iden-
tified the SME-labeled pairs in terms of precision, recall, F1, and area under the ROC curve (ROC
AUC). Since the dataset is limited in size, learning performance is evaluated using a 10-fold cross-
validation (CV) procedure. As shown, the classification results are well above an uninformative
random guess baseline. The tree-based algorithms yielded the best performances, measuring up
to 0.74 and 0.77 in precision and recall, respectively, and 0.83 in ROC AUC. Henceforth, we adopt
the best-performing XGBoost [35] as the classifier of choice. As discussed below, we are gener-
ally interested in high-precision classification and further improve precision by considering the
classifier’s confidence in its predictions.

6.2.1 Impact of Feature Configuration. Our classification model should apply to both registered
and non-registered Wikipedia editors. That is, while our labeled SME examples are composed
of registered editors, we expect the learned model to generalize to all editors regardless of their
registration status. We therefore excluded those features that describe activity that is typical of
registered “Wikipedians” (Table 3) from the example representations. Nevertheless, in another ex-
periment, we examined learning performance on our labeled dataset, which consists of registered
Wikipedia editors, using the full set of features. Table 5 shows 10-fold cross-validation results using
XGBoost for the two feature setups, i.e., generalizable vs. full. As expected, the full model yields
better classification results compared with the partial model: Precision and recall are higher by
0.042 and 0.068 absolute points, yielding performance scores of 0.78 and 0.84, respectively. Indeed,

30We also experimented with RBF-kernel SVM, which yielded similar results to the linear SVM.
31We used an ESA implementation based on the English Wikipedia, available at https://github.com/pvoosten/explicit-

semantic-analysis. See http://www.cs.technion.ac.il/∼gabr/resources/code/esa/esa.html.
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Table 5. 10-fold Cross-validation Classification Results
Using Our Labeled Dataset and the Best-performing

XGBoost Classifier

Features Precision Recall F1 ROC (AUC)
Generalizable 0.737 0.772 0.752 0.832
Full 0.779 0.840 0.806 0.885

While we limit our final model to those features that pertain to activ-

ity in the public name space of Wikipedia in which both registered and

non-registered users are active, and are thus applicable to all user types

(“generalizable”), better performance may be obtained should this limi-

tation be removed (“Full”).

we found that registered SMEs differ from the counter examples with respect to the distribution
of their editorial activity across the namespaces of Wikipedia (with SMEs being more active on
talk pages that discuss co-authorship activities, but less active on user and template talk pages,
which discuss personal pages and article templates). While these features are informative, they
are not globally available—we therefore use the generalizble feature set for expertise prediction
henceforth.

6.2.2 Confidence-based SME Prediction. So far, we evaluated classification performance on our
labeled dataset and selected the best-performing XGBoost as our classifier of choice. Our main
aim, however, is to apply the classifier (once trained on all of the labeled examples) towards the
identification of SMEs within a large pool of unlabeled editor-article pairs. Notably, this target dis-
tribution moves away from our labeled examples, as it includes both registered and non-registered
editors, and is further expected to exhibit various degrees and flavors of SME. We address these
caveats by further tuning the classifier for this purpose; concretely, we improved the precision of
our classification model.

In general, there exists a tradeoff between classification precision and recall that may be tuned
according to the task preferences [72, 78]. Here, we follow the common practice of setting a thresh-
old over the classifier’s confidence in its predictions [33, 98]. Concretely, the XGBoost classifier
outputs prediction scores in the range [0,1], which correspond to the probability of the example
label to be positive [35]. By default, those examples that are assigned prediction scores above 0.5
are considered positive, and vice versa. Setting a higher threshold over the classifier’s prediction
scores would result in improved precision, albeit at the cost of lower recall.

Figure 1 depicts 10-fold CV precision and recall results using our labeled dataset while varying
the threshold over the prediction confidence scores. As shown, precision rises steadily for higher
thresholds, whereas recall plummets. The figure further shows multiple curves of F-measure per-
formances, varying the relative importance of precision and recall: the F1 measure assumes equal
importance to precision and recall, while F0.25 attributes four times greater importance to precision
over recall.

We shall favor narrowing the scope of editor-article pairs identified as SMEs to those with high
classification confidence. Based on our results in Figure 1, we chose to set the threshold over the
classifier’s confidence scores at 0.8, optimizing F0,25 performance on the labeled dataset. Thus,
in applying the classifier to unlabeled Wikipedia editor-article pairs, only when the classifier’s
confidence equals or exceeds 0.8, we shall identify the editor-article pair as SME. At this threshold
level, classification precision is estimated at high 0.833, whereas recall is estimated at low 0.364.
Thus, our classifier is conservative in that it avoids the classification as SMEs of many true editor-
article pairs for which relevant available evidence may be limited.
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Fig. 1. Cross-validation classification performance using varying thresholds over the prediction scores gen-
erated by XGBoost. The F-measure curves reflect cumulative performance for different precision-recall pref-
erences.

6.3 Expertise Identification in the Wild

Let us recall that for practical reasons, our learning model was trained to detect domain expertise
based on identifiable example records of scholarly SMEs. Nevertheless, we assumed that the edi-
torial patterns of scholar editors that are learned by the classifier would apply to domain experts
of various types. To confirm that this was indeed the case and gauge expert identification “in the
wild,” we applied our trained model of expertise prediction to a broad sample of unseen examples
and manually assessed the classification outcomes.

Having tuned and trained our classifier using all of the labeled examples available, we applied
the classifier to our reference corpus of Wikipedia articles (Section 5.1). For the purpose of manual
inspection, we focused our attention on a set of 100 randomly selected articles from our reference
corpus, similarly distributed across topical categories.32 For every article, we extracted the set of
distinct editors who have edited them throughout the article’s history and processed each of the
unlabeled editor-article pairs using our classification model. We then considered a sample of 500
top-scoring predicted SMEs, composed of five editors per article, who were non-anonymous (reg-
istered) users of Wikipedia. Only 186 of the sampled editors had an active user page that included
their self-description. We focused our evaluation effort on a subset of 120 such examples.

Quantitative analysis of the classification outcomes. Ideally, we would have reported classification
precision and recall using the unlabeled examples. Unfortunately, for the reasons discussed thus
far, we cannot provide accurate estimates of these measures. One may rarely ascertain domain
expertise for a given editor-article pair based on the information provided by the editor on their
personal page. And it is practically impossible to refute the existence of domain expertise, since
the lack of relevant evidence does not imply that the editor must not be a domain expert. Since
expertise cannot be manually determined, it is further impossible to gauge recall—the proportion of
true SMEs that are captured by our approach. Our cross-validation study simulates the application
of learning to held-out examples, where we provide performance estimates of these measures.

32To avoid bias, articles that included labeled editor-article pairs, which we used for training the classification model, were

not sampled.
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Nevertheless, we have made a genuine effort to assess the extent to which the unlabeled ex-
amples predicted as SMEs are indeed domain experts. The sample of predicted SME editor-article
pairs was manually inspected by the first two authors of this article in an attempt to establish, or
refute, the expertise of each editor in respect to the article they edited. We read the text available
on the user pages and further attended possible evidence on the web (e.g., when the user page
included links to other web pages outside of Wikipedia). Following a stage of independent work,
the two annotators had agreed on 80% of the cases and further discussed and reached agreement
about the remaining cases. (Disputable cases were resolved by consulting with the other authors
of the paper.)

As expected, in the vast majority of cases, there was not enough information available to reach
a verdict. For example, this identified SME who has edited the “Anxiety” concept merely described
themselves on their page as follows: “My interest and focus is in trying to help wiki have excellent
and leading edge content.” In the lack of concrete details about the editor’s background, we could
not determine her level of expertise with respect to “Anxiety.” Another editor of an article titled
“Nontreponemal tests for syphilis” wrote on their page: “I am the Communications Coordinator at
AMMI Canada. Interests in Microbiology and Infectious Diseases.” We could not establish that the
coordinator for such an organization was indeed an expert in the topics of medical microbiology
and infectious diseases, as one might come to a coordinator role from a background in journal-
ism, communications, media, and so on. In this case, and in some other similar cases, we took a
conservative approach and considered the available evidence to be inconclusive.

Overall, we have reached a definite conclusion regarding the level of expertise in 22 cases in our
sample (18.5%). Out of those, we established that the editor was indeed an expert in relation to the
article in 18 cases (81.2%). Beyond scholars, the identified experts included, for example, a marine
biologist who edited the article “Argochampsa” (an extinct genus of eusuchian crocodylomorph);
a Native-American who edits articles related to the Indigenous peoples of the Americas (e.g., the
“Manuelito Complex” article); and a Pakistani editor who has been working in the food industry
for many years, writes blogs about ethnic food, and also edits Wikipedia articles on this topic.
The remaining 4 cases (18.8% of the flagged examples) were identified as classification mistakes.
In three of these, the editor was a bot (i.e., the same bot, having performed edits in three articles
in the sample), which was not eliminated a priori using our list of bot accounts. In the other case,
an editor of the “Biconditional elimination” article, which is related to the rather complex topic of
propositional calculus, declared on his page on special interest in the creation of article outlines33

and has been involved in editing outlines on many diverse topics; we thus concluded that he was
not a domain expert with respect to the topic edited. (In general, outlining may be a type of editorial
work that experts are more involved with than others, where that signal might have been captured
by the classifier; the literature does suggest that experts are more equipped for this task [111].)
Otherwise, we conjecture that the classifier might be misled in cases where the editorial history of
the editor or the article is very limited; e.g., an editor who starts a new article and imports relevant
text from some existing resource might be mistaken to be an expert.

Sources of expertise. The sampled editors were similarly inspected with respect to the types of
predicted expertise. In addition to scholars—editors with record of relevant scholarly expertise, as
defined in our annotation guidelines (Section 5.2)—we distinguished between practitioners, with
indication found of current or past personal practice in the focal article’s area; or, knowledgeable
laypersons whose expertise has been acquired informally and outside work. Consider for example
the self-description on a personal page of an editor who has contributed to the “Headache” article

33https://en.wikipedia.org/wiki/Wikipedia:Outlines.
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and was identified as an SME with respect to that article: “I am an emergency physician by profession
and have been working on Wikipedia for more than ten years.” Based on this description, we flagged
this editor as a practitioner expert. Next, consider an editor identified as an SME with respect to
the article “Tomb Raider: Underworld” (pertaining to a computer game), described on his page as:
“philosopher of video games ... I went to * University to study philosophy and later to University *
to study history ... In my spare time I like to play video games. I own a PlayStation 3, PlayStation 4
and PS Vita, and with PlayStation Plus I got a whole bunch of games. With my studies I also look
for religious, philosophical and ethical aspects in video games...” This description suggests that this
editor is an avid and knowledgeable, yet non-credentialed, expert in the focal topic. Whenever
relevant information was not been accessible, however, we could not determine the editor’s source
of expertise.

Overall, among the examined sample of identified SMEs, we found roughly equal proportions
of scholars, practitioners, and other non-credentialed experts. Based on this assessment of the
automatically identified SMEs, we conclude that the characteristics of editorial work of scholarly
experts, on which our model was trained, carry to non-credentialed SMEs. Our evaluation, albeit
limited, further suggests that the experts who edit Wikipedia gain their expertise through various
avenues, including academia, practice, unique life experiences, or prolonged interest.

7 RESULTS: CHARACTERIZING SUBJECT-MATTER EXPERTS AND
ESTIMATING THE SCOPE OF THEIR WORK

Having outlined our empirical framework for identifying SMEs, we next employ this framework
to address our research questions RQ1–RQ3 regarding the scope of SMEs’ work in Wikipedia and
the characteristics of their work.

7.1 What are the Activity Profiles that Characterize Subject-matter Experts?

First, we address RQ1: What are the activity profiles that characterize subject-matter experts? To
determine differences between the observed behaviors of SMEs and other editors, we attended
our labeled dataset and performed a series of two-tailed unpaired t-tests, comparing the means
of the observed feature values for the populations of SMEs and the counter examples. In various
applications, it is common to apply a statistical method for counteracting the problem of multiple
comparisons (in our case, tests for multiple features). The Bonferroni correction method [112],
which hypothesizes that all experiments are independent, is considered the most stringent ap-
proach. In our study, we investigated both Bonferroni and False Discovert Rate (FDR) correction
methods [21], which are commonly used in areas of data mining of large datasets and in machine
learning applications, e.g., Reference [113], and found that the results differ only slightly. Hence,
to be more conservative, we opted to report here on our results after applying the Bonferroni
correction.

Table 6 lists the features where the differences in means between the two groups were sta-
tistically significant (p< 0.05). We observe that in comparison with the counter examples, SMEs
are characterized by: (a) overall lower cumulative activity levels across all of Wikipedia’s names-
paces; (b) concentrating on co-authoring of encyclopedic entries, while doing less administrative
tasks such as combating vandalism; (c) meaningful edits, i.e., adding content and re-structuring
of articles, as opposed to minor edits and clean-up such as fixing typos; (d) persistent edits that
survive the continuous refactoring process over longer periods; (e) substantial work on the article
on which they were labeled as SMEs (in terms of both edit count and the percentage of overall
edits to that page); and (f) focused activity: centered activity in fewer articles (lower entropy of
activity) and topical cohesion of the articles that they contribute to (measured either in terms of
category or hyperlinks’ similarity).
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Table 6. Feature Means That Were Found to Be Statistically Significant (p-val<0.05) between
SMEs and the Counter Examples in Our Manually Annotated Dataset Using

Two-tailed Unpaired t-tests and Bonferroni Correction

Feature category Feature SMEs Counter

Focal page, intensity of activity total edits (count)∗ 12.1 3.2

page edit ratio (×1000)∗ 10.4 2.3

Focal page, nature of activity edit types: “fix vandalism” (%)∗ 0.07 0.30

edit types: “add content” (%)∗ 0.28 0.16

edit types: “reorganize existing content” (%) 0.03 0.02

edit types: change/add “Wiki MarkUp” (%)∗ 0.5 0.4

Focal page, longevity of edits persistence (days)∗ 208.4 116.0

Focal page, coordination activity edits on “talk page”∗ 3.3 0.4

Wikipedia, topical focus structural similarity, hyperlink overlap (×1000)∗ 15.7 6.1

structural similarity, category overlap 0.033 0.028

Wikipedia, distribution entropy of edit count∗ 5.8 6.7

Wikipedia, tenure total edits in all namespaces∗ 1,584.2 2,642.9

(Features for which differences were found to be statistically different with p-val<0.01 are further marked with asterisk.)

The table lists features that apply to both registered and non-registered editors.

Overall, we find the observed differences to be intuitive, profiling SMEs’ activity as being fo-
cused on making meaningful content contributions to a small number of articles within their
area of expertise. Interestingly, our findings echo related work, by which community members
of question-answering websites who are perceived as knowledgeable tend to focus their activity
on a small number of topical categories [3]. As we have shown, our classifier trained to distinguish
SME based on the editorial activity patterns learned from scholars further identified practitioners
and other types of non-credentialed experts. Accordingly, we believe that the editorial features
listed are generally characteristic of SMEs in Wikipedia.

7.2 What Is the Scope of Subject-matter Experts’ Contribution to Wikipedia?

For estimating the scope of SMEs’ work in Wikipedia (RQ2), we processed the editorial history of all
of the articles within the reference corpus. Let us recall that this corpus comprises a representative
sample of 1K Wikipedia articles uniformly distributed over various topical categories and article
maturity levels (see Section 5.1). For each of these articles, we extracted and classified the full set
of distinct editors who edited them throughout the article’s history.34 These histories comprised
457,840 unlabeled distinct editor-article pairs and 305,574 distinct editors, in total. We note that
similarly to the general population of Wikipedia editors, the majority of the editors in this reference
sample of articles were not registered members of the Wikipedia community, i.e., anonymous
users. In line with prior studies on Wikipedia [14], we considered the IP address as a proxy for an
unregistered member’s identity.

Each of the unlabeled editor-article pairs was processed by our classification model, trained
using all of the labeled examples available. Overall, 20.2% of the evaluated distinct editor-article
pairs were classified as SMEs with high confidence (>0.8). Those editors classified as SMEs were
responsible for a somewhat larger portion of the co-production work: 22.5% of the total edits made
to the respective articles.

34Non-human editors, i.e., software robots, were excluded based on a list of bot users publicly available at https://dumps.

wikimedia.org/other/pagecounts-ez/wikistats/csv_wp_main.zip.
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We performed several sensitivity analyses of these estimates; mainly, we explored alternative
thresholds on classifier confidence. We found that the proportions of predicted SME editor-article
pairs were 31.8% and 11.6% when employing the thresholds of 0.75 and 0.85, respectively; the over-
all share of SMEs’ activity among the co-production work was 32.2% and 13.5% when employing
the same thresholds, respectively.

While we acknowledge that the classifier’s predictions are imperfect, let us recall that classifi-
cation precision was high for this range of confidence thresholds in our controlled experiments,
evaluated at 0.82–0.85. However, the respective recall rates were low, in the range of 0.45–0.26, in-
dicating that many true SMEs were also missed by our precision-oriented classification approach.
Specifically, we expect editors not to be classified as SME in case of insufficient evidence, e.g., due
to limited editorial history.

Altogether, based on these results, we believe it is a conservative estimate that SMEs make up
roughly 10%–30% of Wikipedia’s editor population, and that, in turn, they are responsible for a
similar portion of the edits.

To the best of our knowledge, these estimates provide the first approximation of the amount of
domain experts’ contributions to Wikipedia. We stress that, in reality, subject-matter expertise, as
well as the editorial preferences of experts, are not dichotomous; possibly, there are contributors
to Wikipedia with varying levels of domain-specific expertise who follow editorial patterns that
possibly differ from those learned by our model. Thus, our estimates could serve as a lower bound
for the true scope of experts’ contributions to Wikipedia.

7.3 How Does Experts’ Involvement Vary across Wikipedia Articles?

Finally, we explore variability in SMEs’ involvement across Wikipedia’s articles (RQ3). It is sensible
that the involvement of SMEs vary by the focal concept, as some knowledge domains are more
specialized than others. Hence, we now focus our attention on gauging SMEs’ involvement on a
per-article basis.

Figure 2 illustrates the ratio of editors identified as SMEs for the articles included in our ref-
erence corpus, for which the editorial history involved more than 250 distinct editors at the time
of the analysis. As shown, there exists high variance with respect to the ratio of identified SMEs
across articles. The article with the lowest ratio of identified SMEs among the displayed examples
is “pancake”: This page has been edited by roughly 2,800 distinct editors at the time of the analysis,
out of which only 2.9% were identified as SMEs. Very low levels of SMEs’ involvement were ob-
served also for the articles “Ambergris” (4.8%) and, “Baritone” (19.5%), “Social liberalism” (17.2%),
and “W. Edwards Deming” (a statistician; 16.8%). Interestingly, other articles with high ratios of
identified SMEs are the fictional TV character “Peggy Mitchell” (42.5%), the movie “Crossroads”
(27.3%), and the video game “Tomb Raider: Underworld” (16.6%). Based on our analysis of the
sources of detected expertise, we conjecture that the identified SMEs in these articles in the enter-
tainment domain correspond to avid hobbyists. (This is most likely the case for articles on video
games, and possibly the case for articles about movies and TV shows.) Also of note, health-related
and medical topics were not associated with particularly high ratios of identified SMEs: the con-
cepts of “Gastrointestinal tract” (6.0%), “Headache” (7.2%), and “Lymphatic system” (7.5%) reside
below the sample median of expert involvement at 10.7%. This is somewhat counter-intuitive, as
medical knowledge is presumably owned by expert physicians. A possible explanation is that these
articles draw much editorial attention, which is mostly administrative. Or, perhaps physicians edit
a wide variety of health-related topics, which are perceived as diverse rather than cohesive, and
therefore are not recognized as SMEs by our model (some of the key features of our expertise
prediction model pertain to focused activity on a closely related and limited number of articles).
Correspondingly, the ratio of identified SME editors per the topic “Anxiety,” which may concern
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Fig. 2. Distribution of sampled articles, each edited by at least 250 distinct users, in terms of (a) ratio of
users predicted as SMEs with high confidence (>0.8), and (b) the proportion of predicted SMEs who are
unregistered to Wikipedia. The median value along each dimension is denoted with a dotted line. The articles
denoted by asterisk had particularly high ratios of predicted SMEs, beyond the range shown; specifically,
the predicted ratios for “Crossroads,” “Peggy Mitchell,” and “Herbert Kitchener” are 0.27, 0.43, and 0.50,
respectively.

a narrower specialization, namely, Psychiatry, was estimated at a higher 13.1%. These conjectures
may be examined more closely in future work.

Figure 2 further displays the proportion of SME editors who are not registered to Wikipedia
for each of the articles. Again, large variance is observed, having the proportion of non-registered
identified SMEs distributed over the range of 0.27–1.00. Interestingly, there exists some correlation
between the two measured dimensions. Concretely, for those articles with high ratio of identified
SME editors (above 0.15), the proportion of SME editors who are unregistered is also high (mea-
suring 0.63 or more)—these articles populate the top-right part of the figure. In contrast, articles
with low ratios of identified SME editors are often associated with low ratios of non-registered
SMEs (between 0.25–0.6); consider, for example, the articles of “Ayn Rand” or “violence in sports,”
shown at the bottom-left part of the figure. We conjecture that for those articles that correspond
to popular knowledge domains, relevant SME editors are prevalent within the registered pool of
Wikipedia editors. Otherwise, in specialized subject domains, SMEs are more rare, where this gap
is filled by expert editors who are not registered. Notably, some articles were associated with low
ratios of identified SMEs; yet, almost all of the contributors to these articles are non-registered,
e.g., “Yucca mountain nuclear waste repository” or “Arabian sea.” Possibly, relevant knowledge,
or acquaintance, with these topics is biased geographically, such that there are fewer contributors
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to these articles (including SMEs) amongst Wikipedia’s registered editors. This conjecture also
deserves further attention in future research.

In summary of this section, we observed that the ratio of identified SME editors indeed varies
considerably across articles, conceivably due to varying characteristics of the respective knowl-
edge domain. We further inspected the ratio of non-registered SMEs and found some correlation
with the overall ratio of SMEs per article. Future research following these findings may shed more
light on the topical areas that are characterized (or call for) expertise involvement in Wikipedia.

8 DISCUSSION

Like other goods, producing knowledge goods at high quality requires both effective processes
and high-quality ingredients. Though high-quality outputs can sometimes be distilled or assem-
bled from many low-quality signals (as done in some crowdsourcing settings), the construction
of complex intellectual artifacts, such as encyclopedic articles, is likely to be more effective with
higher-quality inputs. Yet, while extant literature has paid substantial attention to peer-production
methods (including studies on governance mechanisms [18, 96], quality assurance processes [100],
norms and policies [1, 25, 29, 54, 68, 80], role system [13, 15, 30], and underlying technology in-
frastructure [29, 80, 109]), research on the “ingredients,” namely, contributors’ qualifications and
expertise and the nature and scope of their contributions, is scant.

As mentioned above, we suspect that one of the primary reasons for this empirical void, es-
pecially regarding Wikipedia, has been the difficulty to trace the work of subject-matter experts,
since most of the editors remain anonymous or do not disclose their expertise. Our first task, there-
fore, was to overcome this obstacle by finding a way to detect expert editors (even when they are
anonymous) and their work in Wikipedia. Importantly, for us to be able to tackle the rest of our
research questions, we had to develop automated methods, which will allow us to work at scale
and with a high degree of confidence.

This was not a trivial task. To achieve it, we referred to a diverse set of 1K Wikipedia articles,
with over a million edits, and carefully scanned these data for indications of editorial expertise
through an algorithmic process and manual work of human annotators. We were able to verify
relevant scholarly expertise for editors who were registered Wikipedia members, who disclosed
their identity, and for whom evidence on relevant PhD-level academic education, such as schol-
arly papers published in the focal article’s domain, could be found. Having constructed a dataset
composed of expertise-labeled editor-article pairs and counter examples, learning was applied to
automatically identify the expert editor-article pairs based on implicit patterns and markers of the
editors’ past contributions to the focal page, as well as across Wikipedia. Despite the inherent bias
in our training set towards SME editors with certain traits (registered and scholars), we found that
the implicit markers associated with their editorial activity carry to experts who are not charac-
terized by these traits. In particular, qualitative analysis has shown that in addition to scholars, the
learned model also identified as experts knowledgeable practitioners and other non-credentialed
editors. Thus, the development of the expertise-annotated resource and the automatic expertise
detection model serves to remove a major barrier that held back empirical, quantitative, large-scale
probing of the nature of expert work in Wikipedia.

8.1 Main Contributions

Upon validating the algorithm, we turned to explore the work of experts. To the best of our knowl-
edge, our analyses provide the first large-scale empirical assessments of expert work in Wikipedia.
Our findings offer several contributions to research in the area. First, our results show that subject-
matter experts are responsible for a substantial amount of Wikipedia’s activity: We estimate that
approximately 10%–30% of Wikipedia’s contributors have substantial subject-matter expertise in
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the topics that they edit. We further estimate that these subject-matter experts are responsible
for a similar portion of the co-produced content, performing roughly 10%–30% of total edits. Since
our classification model emphasized precision over recall, it is certainly possible that it overlooked
some domain experts. Thus, the approximations reported here are potentially an underestimate
for the magnitude of experts’ contributions.

Second, results from this study suggest that experts are characterized by distinctive activity pat-
terns. Specifically, we found that they: (a) concentrate their activity within a highly inter-related
set of Wikipedia articles; (b) focus their attention on specific types of editing activities (e.g., adding
content, referencing external sources) and avoid other types (e.g., participation in vandalism or in
the combat against vandalism). Whereas, we are not aware of prior studies that sought to charac-
terize the profiles of subject-matter experts, our findings correspond to prior works that profiled
Wikipedia contributors. For example, prior studies have demonstrated that “content-oriented” con-
tributors (as opposed to those with an orientation towards the community and administrative
work) tend to have topic-concentrated activity patterns and are often non-registered [14]. We fur-
ther found that edits done by experts tend to persist in the face of the ongoing refactoring process;
this finding echoes a previous study, which suggested that the contributions by non-registered
editors tend to survive longer periods [6] and include essential content [12]. In light of our study’s
findings, we suspect that those content-oriented non-registered contributors whose edits persist
longer are likely subject-matter experts.

Finally, we find that experts’ involvement varies greatly across articles. As may be expected,
articles about presumably narrow and high-proficiency concepts, e.g., “Axiom of Choice” or “1st
Earl Kitchener,” involve high ratios of contributions by domain experts. We further examined some
articles about video games, movies, and TV, where subject-matter experts make up a considerable
fraction of the editors, even up to 40%–50%. Following qualitative analysis, we believe that most
of the these experts are non-credentialed experts who have acquired substantial relevant knowl-
edge about their favorite games, movies, and so on. However, for some articles, e.g., “Headache”
or “Gastrointestinal tract,” expert involvement was low (under 8% of the editors). Prior research
has demonstrated that coverage of various topical domains in Wikipedia is uneven, where some
domains attract more activity than others [14, 65, 66]. We conjecture that the variability in the
level of expert involvement across articles has to do with characteristics of the differences across
knowledge domains, but our inquiry is not conclusive, and this area warrants further exploration.

8.2 Limitations

Let us recall that our goal was to identify domain expertise among Wikipedia editors, who do not
typically disclose relevant details about their background and qualifications. Furthermore, many
of Wikipedia’s editors are non-registered and are therefore strictly anonymous. Our approach for
tackling this challenge was based on learning editorial patterns, which are implicit and applicable
to all editor-article pairs, from detectable examples of scholar SMEs; as this type of expertise is
well-defined, we were able to devise a rule-based semi-automatic procedure that scaled up the
annotation process and consequently achieved high inter-annotator agreement rates. We have
assumed, and shown, that the editorial patterns associated with our annotated subset of scholar
SMEs apply to other types of non-credentialed experts. Thus, having applied our model of expertise
identification at scale, we provided the first estimate regarding the scope of SMEs’ involvement in
Wikipedia. Hereby, we discuss in detail the various limitations and potential biases that may apply
to our work and findings.

Discretization of expertise. One may argue that any contributor who makes a meaningful ad-
dition to Wikipedia has a certain degree of expertise with respect to the topics that they edit. In
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accordance with the literature, we view expertise as a continuum; any editor in Wikipedia is some-
where on that continuum in relation to a topic edited. Due to the lack of explicit and fine-grained
information about editorial expertise in Wikipedia, we have identified domain expertise in a binary
fashion. Our approach practically identifies editor and article pairs for which the observed edito-
rial patterns resemble the patterns exhibited by verified scholars within a topic of their expertise
(maintaining focus on that particular domain, performing certain editorial activities, etc.). While
this approach may not distinguish between a credentialed expert and a knowledgeable autodidact
who attained their knowledge through years of reading or practice, it relies on clear differences
found between the editorial behaviors of verified scholar experts and random editors. Our results
further indicate that the notion of expertise may differ across domains. For instance, it is prob-
ably easier to distinguish between experts (at the higher end of the continuous spectrum) and
non-experts (at the lower end of the spectrum) in more complex topics such as molecular biology,
nuclear physics, or neuroscience, than it is on such general topics that many, if not most people,
are familiar with, such as “pancake” or “toys.” Of course, there are people who are more knowl-
edgeable than others even on those latter topics, but it is likely that knowledge about them is more
uniformly dispersed. Accordingly, we observed low rates of identified SMEs for general topics like
“pancake.”

Annotation and learning. Annotation-wise, a main limitation of this work is the size of our
dataset, which was bound due to bottlenecks of the annotation process. The semi-automatic pro-
cedure devised in our work, targeted at screening large volumes of past edits with respect to evi-
dence of scholarly expertise, may be further expanded in future work. Mainly, detecting possible
evidence of expertise among a very large pool of article-editor pairs, as well as scaling the annota-
tion process, e.g., via crowd-sourcing, should yield more labeled examples for learning purposes.
Further, the annotated dataset should ideally represent various types of SMEs. One may adapt our
proposed procedure for scanning user personal pages on Wikipedia to support the manual iden-
tification and annotation of more diverse SME. We note, however, that the manual assessment of
varying flavors of expertise is subjective to a large extent and may result in low inter-annotator
agreement rates. Also, non-formal expertise is often hard to verify.

Another inherent limitation of example annotation involved the construction of the counter-
SME examples, as the lack of personal information about an editor in general, and the lack of rele-
vant evidence regarding expertise with respect to an article that they have edited in particular, do
not imply that they are not SMEs in that topic. Consequently, our sampled counter examples might
include noisy false-negative labeled examples. While learning in the presence of noise is common
practice and generally considered to be effective, such noise may affect learning performance and
its assessment to some degree. Unfortunately, we cannot ascertain nor quantify such impact.

Learning-wise, classification is not error-free. In this work, we set a high threshold over the
classifier confidence, where this is intended to achieve high precision, but hurts recall. In other
words, a large portion of SMEs is to be missed by the classifier due to inconclusive evidence. In
our experiments, we observed low classification confidence in the lack of sufficient statistics, e.g.,
for SME editors with limited history on the target page or in Wikipedia in general. However,
precision-wise, the classifier may fail to identify SMEs who demonstrate atypical behaviors, e.g.,
spread their contributions across diverse topics, some of which they do not specialize in, or take
atypical interest in typo correction.

Classification errors can also stem from data distribution shift, in case that our dataset of labeled
examples is under-representative of the unlabeled data. Importantly, we have shown through man-
ual validation checks that our algorithm was able to generalize beyond the labeled examples to
various types of SME, providing credence to our findings. While we were not able to determine
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precision and recall for the unlabeled examples (due to the lack of ground truth labels), we expect
precision to remain high, where possible lack of generalization might impair recall. Thus, our claim
by which our precision-oriented classifier provides with conservative estimates of SME holds.

In future work, we expect that classification can be improved in different ways, e.g., by modeling
additional meaningful features; by using more advanced text processing analyses (e.g., embedding-
based text similarity measures as alternative to ESA); or by employing neural “feature free” learn-
ing schemes, should more data be available for learning.

SME identification bias. In applying our classifier for expertise identification at scale, we im-
posed intentional bias, by which only those article-editor pairs that are predicted as SME with
high classification confidence are predicted to be SMEs. Having tuned the respective confidence
threshold value to achieve high precision at the cost of recall, we believe that our classification
results under-estimate the true prevalence of SMEs in Wikipedia.

Notably, we assess domain expertise for both registered and non-registered editors. In the lack
of ground-truth labels across these sub-populations, we make the assumption that the editorial
patterns that characterize SME editors are independent of their registration status. In addition, we
make the assumption that non-registered editors may be identified by IP. In practice, anonymous
users may use multiple IPs over time. We speculate that being exposed to partial information about
the editor’s history due to change of IP would lead to low confidence of the classifier, i.e., yield
somewhat lower SME identification rates among non-registered users.

8.3 Practical Implications of This Study

Beyond the contributions to the scholarly literature, our study also has important practical impli-
cations for custodians of online co-production communities. Experts differ from novices on many
aspects; not only are they more knowledgeable, but through training and experience they also often
become more skilled and develop different mental models and routines that they employ. Impor-
tantly for communities that produce and curate knowledge, research suggests that experts exert
better critical-thinking skills, specifically in how they assess sources [111]. This sort of skill is espe-
cially relevant for writing a reference work such as an encyclopedia; indeed, Wikipedia’s core con-
tent policies—Neutral Point of View, No Original Research, and Verifiability—deal with this issue.

The question of experts’ role in Wikipedia has been extensively debated. Although the formal
stance of the community does not prefer subject-matter experts, there is an active undercurrent
that recognizes the potential value of experts’ contributions and seeks to increase their involve-
ment in the coauthoring process. In fact, many within the community believe that experts can po-
tentially play important roles in improving the quality of Wikipedia’s contents, as acknowledged
by Wikipedia’s founder, Jimmy Wales, who was quoted saying, “Most entries are edited by enthu-
siasts, and the addition of a researcher can boost article quality hugely” [83]. A straightforward
implication is the need to attract and retain experts and channel their involvement to the articles
most needing their contributions. There is an active stream of research on the identification of ex-
perts in online communities, seeking to channel their efforts to particular areas that could benefit
from their expertise, e.g., Reference [3]. In the context of Wikipedia, prior work has attempted to
direct editors to articles of their interest [40, 41], and a similar approach may be applied to routing
experts’ efforts. Wikipedia has taken some steps to involve more domain experts, such as initiating
collaborations with museums, libraries, and so on; here, we suggest that the involvement of expert
may be more targeted. Thus, a practical implication of this study is the development of a tool set
for identifying experts in Wikipedia, which could serve for directing experts to articles and tasks
that could particularly benefit from their contributions. For example, experts’ work may be most
needed in low-quality articles or in contentious articles where facts are disputed.
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A more complex issue—and a highly sensitive one—concerns experts’ roles and privileges. To
date, the Wikipedia community maintains its original stance of not yielding experts more power
in content-related decisions or assigning them special privileges (those special rights are reserved
for the “janitors of knowledge” [101] who are experts in Wikipedia’s processes and procedures [13,
29], but are experts in articles’ topics). In contrast, consider a professional organization such as a
hospital, often characterized by a dual management structure: professional (i.e., based on exper-
tise) and administrative. May such a structure be applicable for Wikipedia? Can we envision an
administration that—in addition to process specialists—involves domain experts? Are there issues
that more naturally lend themselves to the decision of expert committees (e.g., articles’ categor-
ical organization, splitting or merging of articles, resolving content-related disputes)? These dif-
ficult questions warrant the attention of the Wikipedia community and potentially of other open
knowledge-creation and knowledge-curation platforms. Findings from our study could serve to in-
form this discussion. In the past, Wikipedia’s community has demonstrated much agility in adopt-
ing its governance mechanisms in an organic manner, including the introduction of new access
privileges, development of new policies, creation of bots to streamline some processes, and the
application of controls such as page protection. In light of our findings regarding the scope of ex-
perts’ contribution, an open question for the community is, then, whether to revisit the discussion
on the role of credentialed experts.

Beyond online communities, key principles from the community-based peer-production model
have begun “spilling over” into traditional organizations [102–104]. Many companies use wikis as
a knowledge management tool [3, 104], particularly for developing organizational encyclopedias
and knowledge-sharing tools [8, 9], adopting in part the organic processes that typify wiki-based
collaboration. Given the different composition of the crowds who author these wikis, where it is
likely that most authors will be topical experts, it is an interesting open question how the dynamics
of expert work play out in those settings.

9 CONCLUSION

Expertise is a key ingredient in the production of knowledge and innovation. Yet, the literature on
the co-creation of knowledge-based products has thus far focused mostly on the processes of co-
production, extensively investigating topics such as coordination mechanisms, conflict resolution,
quality assurance, roles, and function, and has paid relatively little attention to a key ingredient of
these processes, namely: to experts and the expertise they share. Lacking the ability to empirically
observe, probe, and measure it, until now the scope and nature of the contribution of experts in
citizen-based knowledge peer-production systems, and specifically in Wikipedia, has been like
dark matter: assumed by most, debated by some, and mostly unknown.

To the best of our knowledge, this work is first to offer a quantitative empirical investigation
and account of the impact of subject-matter experts in Wikipedia, which serves as an exemplar of
peer-production [23]. Our results are preliminary, and like any attempt to estimate dark matter,
exact numbers should be taken with a grain of salt. However, our findings quite clearly indicate that
notwithstanding the importance of process and platform, the inclusion of experts in co-production
is an essential component in Wikipedia’s success. We expect that our findings will be informative
and actionable to scholars of knowledge co-production, as well as to the Wikipedia community.

We further hope that our work will open the door for future research into the role that experts
play in peer production of knowledge, as many questions remain open. Future research may be
able to provide further data on the experts themselves, on their relationship and interaction with
the community, and on the impact of their work on knowledge products. In terms of experts char-
acteristics, open questions include: what their demographics are, as well as the source of their
expertise; what motivates them to contribute and what deters them from contributing; when do
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they produce content, and how. In terms of their relationship with the community, questions in-
clude: how they engage and interact with the community, how they contribute to group processes,
how experts and expertise are viewed and accepted by the community, and how that affects their
motivation and participation trajectories. Finally, and importantly, future research should provide
more detail on the impact of expert work, specifically, by tying expert involvement with group-
level outcomes such as the quality of co-produced knowledge. Providing comprehensive answers
to these questions will require a combination of quantitative and qualitative approaches, and po-
tentially also the integration of both process- and resource-centric perspectives.

APPENDIX

A AUTOMATIC SCREENING OF EVIDENCE ON EXPERTISE

Following is a full description of our procedure for automatically screening editor-article pairs
with respect to their potential as verifiable SMEs. We further detail the results of applying this
automatic assessment procedure to the editorial history of our reference articles, and the sampling
of example editor-article pairs based on these results for further manual investigation and labeling.

A scoring heuristic of editor-articles pairs. We manually constructed the following weighted lex-
icon of expertise-related terms and had the automatic procedure search for these terms on the
editor’s personal page on Wikipedia: {“professor” (10); “PhD” (10); “researcher” (10); “Doctor of phi-
losophy” (10); “doctorate” (10); “doctoral” (9); “doctor” (9); “professional” (5); “university” (5); “col-
lege” (5); “scientist” (5); “academic” (5); “academy” (5); “diploma” (5); “philosophy” (3); “research”
(3); “publish” (3); “mathematician” (3); “statistician” (3); “paper” (3); “expert” (3)}. Considering the
total weights of terms found on the editor’s page, the possible outcomes of this automatic assess-
ment were (Table 7): high match, if the overall weighted term-based evidence exceeded a threshold
(manually set to 9); low match, if relevant terms were found, but their overall weight was lower
than the threshold; no match, if none of the pre-specified terms was found; or, no page, if the editor
in question did not maintain a personal page on Wikipedia.

The automatic assessment procedure further aimed to link the editor with her researcher profile
on Google Scholar, whenever possible. Having submitted a query with the user’s name (if available)
to Google Scholar’s search engine, the relevance of the top-ranked researcher profiles retrieved
was assessed. First, to account for possibly erroneous name mismatch, the similarity between the
editor’s user name and the retrieved researcher name was measured using the Levenshtein metric,
which is often used for personal name matching [38]. In addition, to account for possible name
ambiguity and establish the relevance of the researcher profile retrieved, we evaluated the topical
similarity between the publications by the candidate researcher profile and the focal article using
the explicit semantic analysis (ESA) measure. Concretely, for each candidate researcher profile
retrieved, topical similarity was evaluated between each of the (up to 10 most-cited) scholar’s
publications and the contents of the focal Wikipedia article, having the pairwise ESA similarity
scores aggregated. We empirically set a threshold over the total ESA score to 0.03, above which
topical relevance was considered to be high.35 The possible outcomes of this step are either: no
match; name mismatch; topical mismatch; low topical match; or high topical match, as detailed in
Table 7.

Example sampling for manual annotation. We applied the above scoring procedure to all of the
distinct editor-article pairs that comprise our reference corpus (Section 5.1). The distribution of
outcomes is detailed in Table 8. Table 9 specifies the ratio of editor-article pairs that we sampled for
manual verification and labeling per each of the cells in Table 8. As shown, our manual annotation

35As ESA computes cosine similarity in a high-dimensional space, it outputs small values in absolute terms.
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Table 7. The Possible Outcomes of the Automatic Screening of Article-edit
Pairs and Their Interpretation

i. Assessed evidence on the personal page:

No page The editor does not have an active (non-empty) personal page.
No match No expertise-related terms found on the editor’s personal page.
Low match Expertise-related terms found on the editor’s personal page, but their total

scores is below a set threshold, suggesting that scholarly expertise may be
mentioned on the page.

High match Expertise-related terms found on the personal page and their total scores
exceed the threshold, suggesting that scholarly expertise is likely men-
tioned on the page.

ii. Tracking of relevant scholarly publications history:

No match No candidate scholar profile found on Google Scholar, possibly because the
editor’s real name is not specified.

Name mismatch Candidate scholar profile(s) found, but the editor and researcher names are
not sufficiently similar.

Topical mismatch None of the candidate scholar profiles show topical relatedness to the focus
article.

Low topical
match

There exists a scholar profile whose publications are marginally related to
the edited Wikipedia article, suggesting that the editor is possibly an SME.

High topical
match

There exists a scholar profile whose publications are well-related to the
edited Wikipedia article, indicating that the editor is a likely an SME.

Table 8. The Results of Automatic Screening of All of the Editor-article Pairs in the Reference
Corpus, Assessing Potential Evidence of Scholarly Expertise on the Editor’s Personal Page and

Relevant Publication History Outside of Wikipedia

Scholar/Personal page High Match Low match No match No page Total
High topical match 0.05% 0.06% 0.33% 0.10% 0.55%
Low topical match 0.05% 0.08% 0.43% 0.12% 0.67%
Topical mismatch 0.13% 0.28% 1.23% 0.34% 1.98%
Name mismatch 0.89% 1.46% 9.46% 2.61% 14.43%
No match 2.96% 6.56% 54.08% 18.78% 82.38%
Total 4.07% 8.45% 65.53% 21.95% 100.00%

The categories are defined in Table 7.

Table 9. The Ratio of Examples Manually Annotated per Cell in Table 8, and the Ratio of
Examples Positive Labeled as SMEs Out of the Example Sampled per Cell (in Brackets)

Scholar/Personal page high Match Low match No match No page Total
High topical similarity 100% (69%) 100% (43%) 14% (15%) 8% (27%) 30% (42%)
Low topical similarity 100% (36%) 100% (16%) 6% (7%) 8% (6%) 23% (20%)
Topical mismatch 100% (30%) 8% (0%) 7% (0%) 5% (0%) 13% (15%)
Name mismatch 100% (12%) 7% (1%) 6% (0%) 7% (0%) 12% (6%)
No match 15% (17%) 6% (1%) 6% (0%) 6% (0%) 6% (2%)
Total 39% (17%) 8% (7%) 6% (0%) 6% (0%) 8% (4%)

ACM Transactions on Social Computing, Vol. 3, No. 4, Article 21. Publication date: October 2020.



21:32 A. Yarovoy et al.

effort focused on editor-article pairs for which expertise-related terms on the editor’s personal
page, or a possibly matching scholar profile, were found. A high ratio of verified SMEs (69%) was
found among those pairs that were assigned high scores along both of these dimensions. Only
a minority of the screened examples met these strict conditions, however. We therefore further
sampled editor-article pairs for which weaker indications of expertise were tracked automatically,
e.g., pairs for which a scholar page has been found, but the topical similarity between the scholar’s
articles and the focal article was low; or no relevant scholar was found, with expertise-related
words tracked on the editor’s personal user page. As shown in Table 9, for those cells that were
annotated in full, the ratio of pairs labeled as SMEs was substantial, in the range of 12%–43%. In
contrast, the proportion of verifiable subject-matter expertise where no evidence was detected by
the preliminary automatic screening was negligible (0–1%).
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