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ABSTRACT

Wikipedia is an online, free, multi-language, and collaborative ency-
clopedia, currently one of the most significant information sources
on the web. The open nature of Wikipedia contributions raises
concerns about the quality of its information. Previous studies
have addressed this issue using manual evaluations and proposing
generic measures for quality assessment. In this work, we focus on
the quality of health-related content. For this purpose, we use gen-
eral and health-specific features from Wikipedia articles to propose
health-specific metrics. We evaluate these metrics using a set of
Wikipedia articles previously assessed by WikiProject Medicine. We
conclude that it is possible to combine generic and specific metrics
to determine health-related content’s information quality. These
metrics are computed automatically and can be used by curators
to identify quality issues. Along with the explored features, these
metrics can also be used in approaches that automatically classify
the quality of Wikipedia health-related articles.
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1 INTRODUCTION

Wikipedia is a well-known encyclopedia that anyone can edit. That
makes it both a powerful source of information because anyone
can expand it with their knowledge, but simultaneously enables
the possibility of adding wrong information, either deliberately
or by mistake [21]. To mitigate the likelihood of users inserting
inaccurate information, Wikipedia relies on curators that revise the
published content and make sure it corresponds to the truth.
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The quality of information is especially relevant in healthcare.
The search for health-related information online often ends up
taking people to Wikipedia [15]. In 2021, English Wikipedia has
more than 40 thousand health-related articles [8]. Currently, the
most visited medical articles on Wikipedia have more than two
billion annual visits, and the most popular article, now “COVID-19
pandemic”, has, on average, more than 40 thousand daily views [29].
Health-related information is empowering, helping users live better
with their health issues, but can be simultaneously dangerous, as
wrong or misleading information can lead to unwanted results [7].
It is, therefore, of uttermost relevance to ensure the quality of
health-related information in Wikipedia.

Generic metrics have been proposed to evaluate the quality of
Wikipedia information in different dimensions, such as its com-
pleteness, informativeness, and accuracy [26, 30]. These metrics are
built on top of lower-level features such as the number of editors
involved in an article. Existing metrics do not consider specific
features that might be useful to improve evaluation in the health
domain. In this work, we propose health-specific features such as
medicine infoboxes to capture the quality of Wikipedia articles in
this domain. After investigating the correlation between features
and quality, we propose health-specific metrics and assess their
effectiveness in capturing the quality of Wikipedia articles in the
health domain.

Section 2 presents an overview of the work related to Wikipedia
information quality. In Section 3, we describe our methodology,
followed by the proposal of features and health-specific metrics,
in Sections 4 and 5, respectively. Finally, Section 6 concludes the
work.

2 WIKIPEDIA INFORMATION QUALITY

Quality has been a concern of Wikipedia that, since its start, has
defined mechanisms to assure certain levels of quality. The English
Wikipedia has, currently, more than 6 million articles [9]. Assess-
ing the quality of so much information becomes a challenge and
requires a certain degree of automation. Several authors have ap-
proached this issue, both generally and in the health domain.

2.1 Wikipedia internal quality mechanisms

Bearing in mind the questions raised about the quality of the in-
formation present in Wikipedia and its importance for its survival
and growth as a source of information, the need to create internal
mechanisms to guarantee acceptable quality levels arose from the
beginning. Considering the advantage of editing content easily and
immediately by anyone, Wikipedia considers the users as guaran-
tors of quality while correcting errors detected when using the
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information. Moreover, with quality in mind, Wikipedia defined a
set of policies and guidelines used by teams of volunteers organized
in specific departments to analyze the added material. Also, there
are bots that automatically and continuously monitor the content,
looking for errors. Also, there are bots that automatically and con-
tinuously monitor the content, looking for errors. Wikipedia also
has a web service, ORES [12], that predicts edits and articles’ quality
through machine learning, helping humans in this task. This tool,
however, supports only a limited set of Wikimedia wikis !.

Wikipedia has a system? for classifying the quality of articles.
Members of WikiProjects carry out quality assessments that make it
possible to determine the quality of the information in specific areas
and prioritize work according to expectations. In the health-related
area, WikiProject Medicine® handles this task. This project started
in 2004 to contribute to medical articles’ improvement, which is part
of the Wiki Project Med Foundation. It gathers expert curators to
improve the healthcare-related quality of information. This project
defined policies in addition to Wikipedia in general. Over time, a
set of tools has been put together to help its members achieve the
objectives. The main levels of the WikiProject Medicine Quality
Scale* are described in Table 1.

Table 1: WikiProject Medicine article quality main levels

Level Description

The highest-rated article, exhaustively evaluated by
independent reviewers. It is an article with good prose,
comprehensive, with good underlying research, neutral in

FA point of view, stable, follows the norms of style, has
transferred multimedia elements, and has an appropriate
extension to its content.

Article analyzed by one or more impartial reviewers. It is well

GA written, referenced, without unpublished research, it has

comprehensive coverage of the topic, it is neutral from the
point of view, stable, and illustrated when convenient.
Article analyzed by one or more impartial reviewers. It is well
referenced, reasonably covers the topic, without omissions
B and apparent errors, has a defined structure, is reasonably
well written, contains inappropriate multimedia elements, and
its content is understandable.
Article where important content is missing or that contains
much irrelevant content. It has references to credible sources,

C it is structured, following style norms, but it lacks some of the
necessary criteria for level B.
An incomplete article, which is still under development. It
Sapt Ay mot contain references from reliable sources, the prose

may not be of high quality, but it must satisfy general

Wikipedia policies.

Basic description of the topic. It may not be well written, has
Stub  problems with the content itself, it is usually very short and

runs the risk of ceasing to be considered an article.

Complies with the criteria of an autonomous list. An article
List comprising predominantly a list, typically consisting of links

to articles in a particular subject field.

!https://ores-support-checklist.toolforge.org
Zhttps://en.wikipedia.org/wiki/Wikipedia:Content_assessment
3https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Medicine
“4https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Medicine/Assessment
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2.2 Generic metrics for assessing quality

In 2010, Wu et al. [30] used 28 metrics divided into four groups:
lingual - e.g. readability; structural - e.g. links; historical - e.g. article
age and reputational - e.g. amount of editors. Li et al. [16] and De
La Robertie et al. [4] proposed solutions based on the relationship
between articles and editors. In 2019, Marrese-Taylor et al. [18]
used metrics based on the articles’ editions, but also consider the
description that accompanies each edition.

Stvilia et al. [26] define seven metrics: authority, completeness,
complexity, informativeness, consistency, currency, and volatility.
These metrics use 19 features from Wikipedia articles and their
history. Given the importance of these metrics for our work, we
will describe them in the following paragraphs.

Authors define authority as “the degree of the reputation of an
information object in a given community”, computed as: Authority
= 0,2 * Num. Unique Editors + 0,2 +* Num. Edits + 0,1+ Connec-
tivity + 0,3 * Num. Reverts + 0,2 = Num. External Links + 0,1
* Num. Registered User Edits + 0,2 + Num. Anonymous User
Edits. The number of unique editors is the number of different au-
thors involved in the article’s editions, as extracted from its history.
Connectivity corresponds to the number of articles linked to the
article through joint editors. It is obtained by extracting each arti-
cle’s editors and the articles edited by them, using the history made
available for the articles. This measure has the limitation that it can
only be calculated based on the articles existing in the database,
thus requiring a large dataset to be reliable. Reverts correspond
to reversions made to previous editions of the article according to
its editing history. External links refer to links present throughout
the article that refer to content outside Wikipedia. Registered or
anonymous editors can make editions.

Completeness is defined as “the granularity or precision of an
information object’s model or content values according to some
general-purpose IS-A ontology such as WordNet”. It is computed as:
Completeness = 0,4 + Num. Internal Broken Links + 0,4 * Num.
Internal Links + 0,2 = Article Length. Broken links are those that
refer to pages that are currently unavailable. Internal links are links
that refer to other pages of Wikipedia. The length of the article
reflects the text size in characters.

The authors define complexity as “the degree of cognitive com-
plexity of an information object relative to a particular activity”.
Its formula was defined as: Complexity = 0,5 « “Flesch reading
ease” - 0,5 x “Kincaid grade level”. Flesch Reading Ease [10] and
Kincaid grade level [13] are instruments that assess readability us-
ing the number of phrases, words, and syllables in the text. Flesch
Reading Ease is based on a ranking scale of 0-100, with low scores
indicating text that is complicated to understand. Kincaid grade
level assesses the American school grade necessary to understand
the texts. They correlate inversely - a high score on the reading
ease test corresponds to a lower grade level.

The definition of “Informativeness” is linked to the amount of
information that an information object contains. It is computed as:
Informativeness = 0,6 * InfoNoise - 0,6 = Diversity + 0,3 * Num.
Images. InfoNoise is based on previous work [31] and refers to the
ratio between the information present in an article and its total
size, where the so-called noise exists. It refers to the ratio between
the size of the information content, in words, after stemming and
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stopping, and the object’s total size. Diversity corresponds to the
ratio between the number of unique edits and the number of total
edits of an article. The number of images is obtained by counting
them in each article among the different media objects present.

Consistency is defined as “the extent to which similar attributes
or elements of an information object are consistently represented
with the same structure, format and precision”. It is calculated
according to: Consistency = 0,6 * Administrators Edit Share
+ 0,5 = Age. The ratio of edits by administrators corresponds to
editions made by administrators out of the total editions. To obtain
more reliable data, all language administrators should be considered,
disregarding their activity status. The item’s age is evaluated in
days and corresponds to the difference between the collection date
and the item’s creation date.

Currency corresponds to “the age of an information object” in
days, computed by the difference between the collection date and
the date of the last edition made to the article.

Finally, volatility is defined as “the amount of time the informa-
tion remains valid”. It corresponds to the median number of hours
the content was visible until a later edition reverted it and can be
defined as: Volatility = Median Revert Time.

2.3 Quality of health-specific contents

Given the importance of health-related subjects and the high use
of Wikipedia in this field, the quality of Wikipedia’s health infor-
mation has been an analysis object. Works have been conducted in
several medical specialties such as oncology [23], nephrology [28],
neurosurgery [19], and anatomy [17, 27].

As a scientific area in constant evolution, the articles’ age can
reveal outdated information. It is one of the measures used in the
works of Conti et al. [3] and Suwannakhan et al. [27]. Another
measure that may reflect the article’s update according to the sci-
ence up-to-dateness is the number of editions, used by several
authors [3, 23, 27].

Reliability is another essential characteristic of health-related
information, usually assessed through the number of references in
the article [3, 23, 28]. Completeness is also expected from health-
related information and is often evaluated through the article’s size
using, for example, the number of words [3, 27].

A large number of studies [3, 19, 23, 27, 28] consider readability
as crucial for understanding. A very heterogeneous public seeks
health-related information, from health professionals, in the vari-
ous areas it covers, to lay public with more or less knowledge about
health subjects. Naturally, a lay audience may have difficulty un-
derstanding the information that, in the health domain, is usually
associated with lower levels of readability [1]. Besides the instru-
ments mentioned in the above section to assess readability, others
exist, such as the Simple Measure of Gobbledygook (SMOG) [14],
Gunning Fog Index [11], Coleman-Liau Index [2], or Automated
Readability Index (ARI) [24].

Conclusions vary in results, but generally, studies point to a
good quality of information on Wikipedia, comparable to other
scientifically recognized sources. However, the authors point out
some flaws in quality, especially in terms of readability. Regarding
methodology, we noticed that health-specific studies often involve
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manual analysis of content and generic studies use more auto-
matic approaches. Lack of technological skills in health-related
researchers may justify this difference. The size of the datasets used
in both types of studies also varies due to the automation level
involved.

3 METHODOLOGY

Our approach is based on five major tasks, as shown in Figure 1.
Numbers identify the execution sequence, and arrows represent
the information flow.
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Figure 1: Methodology

We began by exploring health-related content features in Wikipedia
articles as described in Subsection 4.1. Then, we collected the con-
tents of these articles and the metadata needed to get the required
features We describe this task in Section 3.1. After that, we analyzed
the quality of generic and the proposed health-specific features on
assessing the articles as described in Section 4. From that, we pro-
posed health-specific metrics that we detail in Subsection 5.2. In
the end, we analyzed the quality of the proposed health-specific
metrics compared to the generic metrics regarding their ability to
assess the quality of Wikipedia health-related articles. These results
are described in Subsection 5.3.

We address the following research questions:

(1) What specific features can be used to assess the quality of
health-related Wikipedia articles?

(2) Which features are most important in capturing quality?

(3) What specific metrics can be used to assess the quality of
health-related Wikipedia articles?

(4) Are specific metrics preferable to generic metrics in the
health domain?

3.1 Data collection

To obtain a dataset with relevant and updated articles, we collected
the top-1000 most viewed health-related pages®. The WikiProject
Medicine maintain this list and data comes from the Wikimedia
Pageview APIL. We expect to include current relevant articles, such
as the COVID-19 pandemic, with this list. Articles from this list

Shttps://en.wikipedia.org/wiki/Wikipedia:WikiProject_Medicine/Popular_pages
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are distributed by WikiProject Medicine quality levels shown in
Table 1 as follows: FA (2.9%), GA (8.2%), B (42.8%), C (35%), Start
(8.6%), Stub (0.4%), and List (1.4%). Existing works [25, 26] do not
usually consider articles evaluated as stub, and we followed this
same approach. We also discarded articles evaluated as [list (1.4% of
the dataset) for their nature and differences regarding the remaining
articles.

Besides classifying articles by quality, Wikipedia also classi-
fies them by importance. It assesses the article’s priority for each
WikiProject. In WikiProject Medicine, “the purpose of the impor-
tance rating is to direct the project’s article improvement efforts
towards the most important articles, and incidentally to provide a
convenient shortlist of important topics for readers who are inter-
ested in medicine generally”®. In our dataset, articles importance is
rated as: 7.2% Top importance; 25.4% High importance; 43.3% Mid
importance; 23.4% Low importance; 0.7% of the articles are not rated
for importance.

Following the approach of Domingues and Teixeira Lopes [6], we
used the MediaWiki API to collect the current state of the article’s
contents and its metadata, revision history, language links, internal
wiki links, and external links. Data not available through the API
was obtained from the article’s markup. Images are a good example
of this because the API returns the entire set of images, including
those not relevant for the article’s content, such as the Wikimedia
logo. From the article’s markup, it was also possible to extract
templates, infoboxes, and citations. Some measurements, such as
readability scores, “InfoNoise” and the article’s length, require plain
text. To achieve so, we removed all the markup from the article’s
content.

4 QUALITY FEATURES

To answer the two first research questions, we propose and an-
alyze health-specific features to assess health-related articles in
Wikipedia. Given the relevance of the metrics and respective fea-
tures proposed by Stvilia et al. [26] for the evaluation of Wikipedia’s
content, described in Section 2.2, we decided to use them in this
work as generic features. At the end of this section, we compare
generic and specific features in the health domain.

4.1 Wikipedia health-specific features

To identify specific characteristics, that can be used to assess the
quality of health-related Wikipedia articles, we analyzed several
articles from different health and medicine areas. We registered the
specific elements common to these pages and tried to understand
how they could contribute to quality evaluation.

4.1.1  Num. health templates. Templates are elements used to struc-
ture information on Wikipedia, allowing several pages to reuse
the same element. Simultaneously, templates enable users to have
quick, easy, and organized access to information. Templates can
be included in any area of a Wikipedia article and are categorized
according to their subject, in template categories and subcategories
inside them. We only consider health-related templates. Figure 2

Shttps://en.wikipedia.org/wiki/Wikipedia:WikiProject_Medicine/Assessment
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shows an example of a health-related template — the medical classi-
fications template — for the Coronavirus disease 2019 page, with
medical codifications.

Classification ICD-10: UO7 1¢/, U07 2 - MeSH: CO00857245¢ - SNOMED CT: 8405390068 D

Figure 2: Medical resources template for Coronavirus dis-
ease 2019 Wikipedia page

4.1.2  Num. health infobox values. Infoboxes are a specific type of
template and one of the most recurring types of templates. They
are commonly used in health-related articles. Inboxes are a fixed-
format table usually available in the top right-hand corner of the
pages. These contain facts and statistics relevant to the articles
related to this and improve navigation between them. Infoboxes
can also include metadata. They are a way to summarize important
aspects in an easy and quick format to read for the user. Figure 3
represents an infobox, also extracted from the Coronavirus disease
2019 page. We only collected health-related infoboxes. Infoboxes
contain key/value pairs, the keys being previously defined for each
infobox, and each one’s values can vary. There is also the possi-
bility of including or not each of the key/value pairs, so counting
the number of pairs may indicate the degree of development and,
therefore, the article’s quality. In health-related articles, these pairs
often include symptoms, complications, treatment, and medication,
for diseases, or pharmacokinetic data, for medication, as examples.

Figure 3: Infobox present in Coronavirus disease 2019
Wikipedia page

4.1.3  Num. health infobox images. Images can also be included in
infoboxes, as shown in Figure 3. As a multimedia element, images
enrich the content made available to users, assuming particular
relevance in some themes such as health, where they look, for
example, for signs of diseases, which are commonly visual. In this
case, their number in infoboxes, categorized only in the health-
related topic, is counted.

4.1.4  WPM edit share. In WikiProject Medicine, there is no train-
ing requirement for its members. Still, most of them are doctors,
medical students, nurses, scientists, and laypeople with a specific
interest in certain medical topics. So, WikiProject Medicine admin-
istrators’ editions may be an indicator of quality in health-related
articles, potentially more reliable than the fact that they are just
general Wikipedia administrators. We collected the list of active
and inactive administrators. Subsequently, we intersected this list
with the list of users responsible for the editions to determine the
share of edits made by WikiProject Medicine Admins.
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4.1.5 TF translated. The Healthcare Translation Task Force’ was
created as a joint venture between WikiProject Medicine, Wiki
Project Med Foundation, and Translators Without Borders. It is a
project based on volunteering, counting since 2019 with the help
of a translation tool. At the beginning of 2021, it already has over
1,900 articles translated into more than 90 languages. The selection
of articles to be translated can be an indicator of a higher quality
of these articles. We collected the list of articles already translated
by Task Force Translation and intersected it with our dataset.

4.1.6  Num. medical codes. A particular feature of health-related
articles is the link to medical classifications. Medical classifications
aim to code medical diagnoses or procedures. An example of it is
the International Statistical Classification of Diseases and Related
Health Problems - ICD [20]. The codes, which may be present in the
different templates, such as the example in Figure 2, were collected
and counted for each article. Wikipedia gathers a list of codes that
may be included in templates?.

4.1.7  Num. reputed Links. A commonly used metric for assessing
the quality of information on Wikipedia is external links, guaran-
teeing the information’s reliability. However, the number of these
links is not, in itself, a guarantee of this reliability since authority is
not guaranteed. Thus, we propose to estimate the reliability of these
links using the information sources’ reputation. To analyze this
reputation, we scrapped those suggested by the National Institute
of Health®, a part of the U.S. Department of Health and Human
Services. We later matched it with the list of external links from
each article.

4.1.8 Num. recommended sections. Article length is often a mea-
sure used by authors to assess the quality of an article [3, 26, 27].
However, quantity is not a synonym for quality. To evaluate the
text’s semantics’ quality, a manual validation is usually done, or,
using tools, which always imply a manual evaluation, as is the
case with the DISCERN tool. As a way of automatically evaluat-
ing the semantics, albeit slightly, and at the same time the correct
structuring of the text, we propose to assess the different sections
of the articles, checking which of these sections are in a list of

recommended sections in the WikiProject Medicine guidelines!®.

4.2 Analysis of generic features

To analyze which generic features are most important in capturing
quality, we computed the features used by Stvilia et al. [26] in our
dataset. As the dataset does not follow a normal distribution, we
computed each feature’s median in the dataset. We then analyzed
the correlation of each feature with the quality levels. For this
purpose, we used Spearman’s rank correlation since the data is
ordinal. We converted each quality level to a numerical value, from
1 - Start to 5 - FA. Table 2 shows each feature’s median value,
its correlation with quality, the p-value obtained in a standard
test of the null hypothesis that the correlation is zero. We apply
the Bonferroni correction to the p-values to account for multiple

https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Medicine/Translation_task_force
Shttps://en.wikipedia.org/wiki/Template:Medical_resources

“https://www.nlm.nih.gov
Ohttps://en.wikipedia.org/wiki/Wikipedia:Manual_of_Style/Medicine-
related_articles
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hypothesis tests and indicate statistical significance. We present
features in decreasing order of correlation with quality.

Table 2: Median value of generic features and their correla-
tion with quality

Median Correl. p-value
Num. Reg. Edits 1115.0 0.53 < 2.2e-16™*
Num. Edits 1729.0 0.52 < 2.2e-16**
Connectivity 131.5 0.50 < 2.2e-16™*
Num. Unique Editors 802.0 0.49 < 2.2e-16™
Num. Ext. Links 141.0 0.49 < 2.2e-16**
Num. Anon. Edits 550.5 0.47 < 2.2e-16™
Num. Reverts 148.5 0.47 < 2.2e-16**
Article Length 242915 0.43 < 2.2e-16™
Age 6726.5 0.38 < 2.2e-16™
Num. Images 13.0 0.37 < 2.2e-16™
Diversity 0.5 -0.32 < 2.2e-16™*
Admin Share 0.2 0.31 < 2.2e-16™*
Num. Inner Links 388.0 0.29 < 2.2e-16**
Median Rev. Time 11.0 -0.28 < 2.2e-16™*
Kincaid 17.5 -0.25 8.473e-15""
Flesch 27.0 0.20 7.241e-10**
Num. Broken Links 1.0 0.13 2.471e-5**
InfoNoise 0.88 0.13 5.989e-5*
Currency 6.0 -0.04 0.21

* significance level p<2.6e-3, ** significance level p<5.3e-5. (Bonferroni
corrected from p=0.05 and p=0.001, 19 tests)

From the values presented in Table 2, we conclude that corre-
lation values vary from a negligible correlation of -0.04 for the
currency feature to a moderate correlation of the number of reg-
istered users edits (0.53). To describe strength of the correlation
values, we adopt the scale and terminology used by Prion and Haer-
ling [22]. All features except currency have a correlation value
significantly different from 0. Among these, all but InfoNoise are
significant at p=0.001.

As expected, Kincaid grade level and diversity have a negative
correlation, as they are subtractive pairs. Currency and median
revert time also have negative correlations, as lower values should
correspond to higher quality. Results associated with the currency
feature might be related to the fact that we are working with the
topmost viewed articles, with a median of 6 days. Note that in the
Stvilia et al. [25] median for articles with grade-level FA was three
days, while the median for a set of random articles was 46 days.

Analyzing the medians values, we can note some particularities,
such as the high rate of registered editions among the total editions.
Another particularity worth mention is the number of unique ed-
itors. Stvilia et al. [25] computed a median of 108 unique editors
for the FA grade-level set and only five for the random set; in our
dataset, we computed a median of 802 unique editors.

4.3 Analysis of health-specific features

To investigate the importance of the specific features proposed in
Section 4.1 in capturing quality, we conducted an analysis simi-
lar to the one described in Section 4.2, computing the median of
each feature and its Spearman correlation with quality. Results are
shown in Table 3, decreasingly ordered by correlation. Moreover,
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we conducted an analysis of the distribution of each feature by eval-
uation level. These distributions are shown in the form of boxplots,
in Figure 4, where an “X” represents the mean.

Table 3: Median values of specific features and their correla-
tion with quality

Median Correl. p-value
Num. reputed links 46 0.52 < 2.2e-16™
Num. rec. sections 5 0.40 < 2.2e-16™
TF translated 0 0.32 < 2.2e-16™*
‘WPM edit share 0.05 0.25 1.9e-15**
Num. health templates 3 0.23 4.2e-13*
Num. medical codes 0 0.23 1.1e-12**
Num. health inf. values 8 0.21 8.2e-11**
Num. health inf. images 1 0.19 9.6e-10™*

* significance level p<6.3e-3, ** significance level p<1.3e-4. (Bonferroni
corrected from p=0.05 and p=0.001, 8 tests)

The correlation analysis shows that values are relatively homo-
geneous, varying from the minimum of 0.19 for the number of
infobox images, to the maximum of 0.52 for number of reputed
links, meaning a moderate correlation. Number of reputed links has
a correlation value equivalent to that of the second most correlated
feature (num. Edits) of the generic features, as described in Table 2.
Note that translated and medical codes have a median value of
0, as most of the articles are not in the translated considered list
and have no medical codes. All features have a correlation value
significantly different from 0 at p=0.001.

The boxplots allow a closer look at the differences by quality
level. In general, the mean values shown in the boxplots tend to
decrease as quality increases. Exceptions to this sometimes occur,
as is the WPM Edit Share case, between the first two levels — FA
and GA. This may indicate that these two types of articles are very
similar to each other, so the distinction is difficult to make. On the
other hand, we can notice the fact that the last level of quality - Start
- is the one that generally distinguishes itself more from the rest. In
the analysis of the boxplots, two of them differ from the remaining,
related to the Num. health infobox images and the TF Translated.
The first case is due to the little variation of the values - from zero
to the maximum of two images and the second is caused by the
binary nature of the variable - 1 if translated, 0 if not translated. In
these cases, the mean, represented in the graph, provides a clearer
image of the tendency. We can see that there is a big difference in
the two last levels C, and Start - regarding these aspects, influencing
these results.

5 PROPOSAL OF HEALTH-SPECIFIC
METRICS

We proposed specific metrics that can be used to assess the quality

of health-related Wikipedia articles and later, we evaluated them

and compared them to generic ones, proposed by Stvilia et al. [26],

in the health domain.

5.1 Features importance for generic metrics

Metrics proposed by Stvilia et al. [26] were calculated according to
the formulas set out in the Section 2.2. We computed the Pearson

Luis Couto and Carla Teixeira Lopes

correlation between each metric and its features to determine each
feature’s overall contribution to the final value of each metric. Ta-
ble 4 shows features organized by metric, with correlation values
and the p-value obtained in a standard test of the null hypothesis
that the correlation is zero.

Table 4: Correlation of metrics with their features

Correlation p-value Metric
Num. Edits 0.99 < 2.2e-16™
Num. Un. Editors 0.95 < 2.2e-16™
Num. Reg. Edits 0.93 < 2.2e-16™
Num. Anon. Edits 0.92 < 2.2e-16™ Authority
Num. Reverts 0.89 < 2.2e-16™
Num. Ext. Links 0.60 < 2.2e-16™
Connectivity 0.28 < 2.2e-16™
Article Length 1.00 < 2.2e-16™
Num. Inner Links 0.31 < 2.2e-16"" Completeness
Num. Broken Links 0.02 0.49
Flesch 1.00 < 2.2e-16™ Complexity
Kincaid -0.95 < 2.2e-16™
Num. Images 1.00 < 2.2e-16™
Diversity -0.27 < 2.2e-16™  Informativeness
InfoNoise 0.08 1.1e-2"
Age 1.00 < 2.2e-16™" Consistency
Admin Share 0.17 7.31e-8**
Currency 1.00 < 2.2e-16™ Currency
Median Rev. Time 1.00 5.3e-2 Volatility

* respective significance levels: p< [7.1e-3, 1.6e-2, 2.5e-2, 1.6e-2, 2.5e-2, 5e-2,
5e-2], ** respective significance level p< [1.4e-4, 3.3e-4, 5e-4, 3.3e-4, 5e-4,
le-3, le-3]. (Bonferroni corrected from p=0.05 and p=0.001, [7, 3, 2, 3, 2, 1,
1] respective tests)

We can see significant heterogeneity in correlation values. There
are features with a very strong correlation, including values of 1,
showing a high contribution to the metric final value. From these
strong correlations, only the correlation of the median revert time
with volatility is not significantly different from 0.

On the other hand, there are negligible correlations, such as the
number of broken links (0.02) and InfoNoise (0.08). The first is not
significantly different from 0 but InfoNoise is significantly different
from 0 at a p-value of 0.05.

Consistency represents a notable case, as the two constituting
features achieved different results; age feature had a very strong
correlation (1), while the administrators share had a negligible
value of 0.17. For currency and volatility, features had a value of 1,
probably influenced by having only one feature. Yet, the correlation
of the median revert time with volatility is not significantly different
from 0.

5.2 Health-specific metrics

To propose specific metrics that can be used to assess the quality of
health-related Wikipedia articles, we adapted the generic metrics
of Stvilia [26], adding or replacing features.

To obtain each feature’s weight, we considered its importance
and specificity to evaluate the quality of health information. We
also considered the weight of the features included in each generic
metric and assigned each proposed feature weight, according to
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Figure 4: Distributions of health-specific features by quality level

the computed median value, so that the final result for that metric
matches the same range of values as the existing ones. For example,
the administrator’s edit share had a median value of 0.2 and a
weight of 0.6; replacing WPM edit share had a lower median - 0.05,
so the weight raised to 1.9. These values also benefited from a health
professional’s opinion - one of the authors of this work - a nurse.

Complexity, currency, and volatility remained unchanged since
none of the proposed features falls within these metrics. The re-
maining are proposed as follows:

HealthAuthority = 0,2« Num. Unique Editors + 0,2+ Num. Edits
+ 0,1+ Connectivity + 0,3 * Num. Reverts + 0,6 * Num. Reputed Links
+ 0,1 * Num. Registered User Edits + 0,2 + Num. Anonymous User
Edits + 200 = TF Translated

HealthCompleteness = 0,4 * Num. Internal Broken Links + 0,4
« Num. Internal Links + 0,2 = Article Length + 970 + Num. Recom-
mended Sections + 4850 + Num. Medical Codes

HealthInformativeness = 0,6 = InfoNoise - 0,6 = Diversity + 0,3
* Num. Images + Num. Health Infobox Values + Num. Health Infobox
Images + 0,08 * Num. Health Templates

HealthConsistency = 1,9« WPM Edit Share + 0,5 + Age

We added translated TF in HealthAuthority, as the selection
for translation by the Task Force might reinforce the authority of
that article. Reputed links have replaced external links to filter the
external links by their reputation in the health area. In HealthCom-
pleteness, we added the number of recommended sections, and the
number of medical codes as both features may indicate a satisfac-
tory extent of the information. In HealthInformativeness, we added
the number of images and values in health-related infoboxes and
the number of medical templates because it addresses the amount
of information in an article. For HealthConsistency, Administrators

Edit Share has been replaced by WPM Edit Share, representing
health-related administrators.

5.3 Evaluation

To evaluate specific metrics and compare them to generic metrics
in the health domain, we computed the correlation of both types
of metrics with Wikipedia’s quality levels in each dimension of
analysis: authority, completeness, informativeness, and consistency.
We have also conducted statistical tests to compare the two corre-
lations for each dimension [5]. Correlation values and the p-values
associated with comparisons are presented in Table 5.

Table 5: Correlation of generic and specific metrics with
quality

Generic Specific p-value
(Health)Authority 0.43 0.46 0**
(Health)Completeness 0.34 0.36 0.58
(Health)Informativeness 0.13 0.23 9.0e-4**
(Health)Consistency 0.30 0.30 1.0

* significance level p<0.05, ** significance level p<0.001.

From the table’s analysis, we concluded that we improved all
metrics, although with heterogeneous differences. The metric that
showed the most marginal improvements (rounded to zero) was
the HealthConsistency. This result is most likely associated with
the fact that the weight of the changed feature - WPM edit share -
is too insignificant in the formula’s total, as already pointed out in
Section 4.2. At the other extreme, HealthInformativeness, represents
a very significant improvement, revealing the likely importance
of templates and their characteristics in assessing the quality of
Wikipedia articles. Results suggest that specific metrics can be
preferable to generic metrics in the health domain.
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6 CONCLUSION

We describe an on-going work on quality metrics in the health
domain.

To answer our first research question, we explored what specific
features can be used to assess health-related Wikipedia articles’
quality. In this regard, we proposed eight features: number of health
templates, number of health infobox values, number of health in-
fobox images, WikiProject Medicine edits share, Task Force trans-
lated articles, number of medical codes, number of reputed links,
and number of recommended sections.

After this proposal, we have analyzed which features are most
important in capturing quality, our second research question. We
conclude that the number of editions made by registered users,
connectivity, and total editions are the top three generic features
to assess the quality of articles. These positions are occupied by
the number of reputed links, the number of recommended sections,
and articles translated by the Task Force, for specific features.

Based on this analysis, we explored what specific metrics can be
used to assess the quality of health-related wikipedia articles. Work-
ing on top of generic metrics, we proposed four metrics: HealthAu-
thority, HealthCompleteness, HealthInformativeness, and Health-
Consistency.

In the end, we assessed the proposed metrics and compared them
with generic metrics. We concluded that it is possible to improve the
quality assessment of medical articles on Wikipedia using specific
metrics. HealthInformativeness and HealthAuthority represent two
statistically significant improvements.

A more in-depth analysis could lead to adjustments in the pro-
posed metrics, including new features or assigning different weights
to features. In future work, we plan to use the health-specific fea-
tures and metrics here proposed to automatically classify the quality
of Wikipedia articles in the health domain.
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