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Abstract

Wikipedia is the largest web repository of free knowledge.
Volunteer editors devote time and effort to creating and ex-
panding articles in more than 300 language editions. As con-
tent quality varies from article to article, editors also spend
substantial time rating articles with specific criteria. However,
keeping these assessments complete and up-to-date is largely
impossible given the ever-changing nature of Wikipedia. To
overcome this limitation, we propose a novel computational
framework for modeling the quality of Wikipedia articles.
State-of-the-art approaches to model Wikipedia article
quality have leveraged machine learning techniques with
language-specific features. In contrast, our framework is
based on language-agnostic structural features extracted from
the articles, a set of universal weights, and a language
version-specific normalization criterion. Therefore, we en-
sure that all language editions of Wikipedia can benefit from
our framework, even those that do not have their own qual-
ity assessment scheme. Using this framework, we have built
datasets with the feature values and quality scores of all re-
visions of all articles in the existing language versions of
Wikipedia. We provide a descriptive analysis of these re-
sources and a benchmark of our framework. In addition, we
discuss possible downstream tasks to be addressed with these
datasets, which are released for public use.

Introduction

Wikipedia is not only one of the most popular websites
but also one of the largest free knowledge repositories
in the world. Millions of people access Wikipedia daily
in search of information on a multitude of topics (Singer
et al. 2017). Furthermore, several search engines and Al-
powered services rely on data extracted from Wikipedia ar-
ticles (Mikolov et al. 2017). As a consequence, the quality
of the articles has a key impact in the age of the knowledge
society.

Wikipedia articles range in quality from rich, well-
illustrated, fully-referenced articles that fully cover their
topic and are easy to read to single sentence stubs that de-
fine the topic of the article but do not offer much more in-
formation. Editors have developed rich rubrics for how to
evaluate the quality of Wikipedia articles and are constantly
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assessing article quality to assist in coordinating work on the
wikis. However, Wikipedia is ever-changing though, which
makes it time-consuming (and largely impossible) for edi-
tors to keep these quality assessments complete and up-to-
date. Although several automatic quality models have been
proposed (Hasan Dalip et al. 2009; Warncke-Wang, Cosley,
and Riedl 2013; Dang and Ignat 2016; Bassani and Viviani
2019), most of them are language-specific, finely-tuned to
the dynamics and existing quality classes of a particular lan-
guage edition. Some other approaches have explored ma-
chine learning models for multilingual assessment of the
quality of Wikipedia articles (Halfaker and Geiger 2020).
Nevertheless, these models rely on content-dependent fea-
tures and require substantial efforts to generate training
datasets, as the criteria for assessing article quality are not
consistent across all language versions of Wikipedia.

To overcome these limitations when modeling the qual-
ity of Wikipedia articles across different languages, we
present a framework based on language-agnostic features.
We extend previous approaches (Warncke-Wang, Cosley,
and Riedl 2013; Lewoniewski, Wecel, and Abramowicz
2019) by proposing 6 different features that we extract from
the implicit structure of Wikitext - the markup language
used to write Wikipedia. Our framework relies on a heuris-
tic approach combining universal feature weights and a nor-
malization criterion derived from each language version of
Wikipedia in order to assess the quality of articles across dif-
ferent languages. We apply the framework on the full dump
of revisions from all language versions of Wikipedia to show
how these language-agnostic features are able to capture ar-
ticle quality. Furthermore, we evaluate our model and bench-
mark it against two different baselines in order to discuss the
implications of language-agnostic modeling.

Scientists from diverse research disciplines have found
Wikipedia to be a key repository of free available knowl-
edge. However, resources that are made available are of-
ten related to a very selected subgroup of popular language
versions among the over 300 existing ones (Johnson and
Lescak 2022). For that reason, our language-agnostic mod-
eling framework has been created as a resource to provide
knowledge in all languages, following an inspirational prin-
ciple of knowledge equity (Sefidari 2022). All the data gen-



erated from this work is already available!. Therefore, we
expect a diversity of research communities to benefit from
this work.

The remainder of this paper is organized as follows. We
review related work on Wikipedia focused on language-
agnostic approaches and article quality assessment in the
next section. Then, we present our set of language agnostic-
features, the feature extraction process, and the resulting
dataset of features from over 2 billion revisions. Our frame-
work of quality modeling of Wikipedia articles with these
features is described in the following section, including a
model evaluation and benchmarking. Finally, we conclude
in the last section by discussing possible downstream tasks
to be addressed with our datasets, together with ethical and
FAIR considerations.

Related Work

Wikipedia has proven to be a fruitful source for research
datasets (Flock, Erdogan, and Acosta 2017; Miquel-Ribé
and Laniado 2019; Consonni, Laniado, and Montresor 2019;
Mitrevski, Piccardi, and West 2020; Valentim et al. 2021;
Meier 2022). To provide the context of our framework and
datasets and to position our contributions to the state of
the art, we review related work on language-agnostic ap-
proaches to characterize Wikipedia content and on quality
assessment of Wikipedia articles.

Language-Agnostic Approaches

Recent contributions have leveraged knowledge from En-
glish Wikipedia for diverse tasks, e.g., providing explainable
search results (Yu, Rahimi, and Allan 2022), evidence re-
trieval for fact verification (Chen et al. 2022), text stance de-
tection (Zhu et al. 2022), sentence retrieval for open-ended
dialogues (Harel et al. 2022), question answering (Wang, Ja-
towt, and Yoshikawa 2022; Lerner et al. 2022), named enti-
ties and relationships retrieval from articles (Laskar et al.
2022; Plum et al. 2022), etc. However, one of the most
important aspects of Wikipedia is its multilingual charac-
ter. Wikipedia has been referred to as the “Web 2.0 Tower
of Babel” (Hecht and Gergle 2010) in which knowledge
is created and maintained by volunteers in more than 300
language versions, each independently. Therefore, some re-
sources that have been made available to support infor-
mation retrieval tasks in multiple languages also rely on
Wikipedia (Dietz et al. 2022; Srinivasan et al. 2021; Arvola
and Alamettdld 2022; Yang et al. 2022).

Multilingual approaches represent an important advance
as many communities and contexts can benefit from NLP
resources. However, these approaches are often limited by
the availability of language-specific data, resulting in an un-
even representation of the plethora of existing languages.
On the one hand, one way of addressing scarcity in low-
resourced languages is machine translation. In fact, we
are witnessing the rise of initiatives bases on participa-
tory approaches to make NLP research with Wikipedia low-
resourced languages more scalable (Nekoto et al. 2020).
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On the other hand, there is a growing trend towards re-
search on Wikipedia through language-agnostic approaches.
While the performance of models that exclude language-
dependent features may be limited to a certain degree, their
applicability to any language is almost straightforward. For
this reason, several language-agnostic approaches have been
proposed in recent years for different tasks on Wikipedia,
e.g., spam users identification (Green and Spezzano 2017),
topic classification of articles (Johnson, Gerlach, and Séez-
Trumper 2021), cross-lingual topic modeling (Piccardi and
West 2021), knowledge propagation tracking across lan-
guages (Valentim et al. 2021), and evaluation of gender bi-
ases (Beytia et al. 2022).

Article Quality Assessment

Maintaining the quality of content in parallel with its rapid
evolution is a both crucial and overwhelming task in large
peer-to-peer production systems such as Wikipedia. Due to
the immense cost involved in the process of monitoring the
quality of articles in Wikipedia, several works have pro-
posed different algorithmic methods for automatic quality
assessment (Mods and Lopes 2023). The most intuitive ap-
proach is to provide support with machine learning super-
vised models trained on the basis of domain-specific fea-
ture engineering (Warncke-Wang, Cosley, and Riedl 2013;
Dang and Ignat 2016; Bassani and Viviani 2019). Authors
of these works have suggested a wider set of qualitative
features related to the content of Wikipedia articles and
perform the classification using machine learning models.
Other approaches have proposed a hybrid model combin-
ing neural network LSTM-based document embeddings and
handcrafted features (Shen, Qi, and Baldwin 2017). Further,
subsequent works have attempted end-to-end neural models
with the integration of qualitative features to better repre-
sent the articles and improve the performance of the classi-
fiers (Zhang et al. 2018; Shen et al. 2019). Authors in (Guda
et al. 2020) proposed a multimodal framework for the auto-
matic quality prediction that leverages contextual represen-
tation of main article text obtained from bidirectional trans-
formers followed by a conditional summarization and inclu-
sion of talk pages as the metadata about an article. All of
these approaches assume the quality as a static attribute but
it becomes obsolete often with the update of content. A com-
plementary direction has been explored by (Zhang, Ren, and
Kraut 2020; Das et al. 2022) in which authors add temporal
dimension to the static measurement of article quality and
characterize the quality of articles through a number of dy-
namic changes in the quality states spanning over time.

The aforementioned models were built using training
datasets with content from English Wikipedia articles.
Therefore, these approaches are limited to predicting the
quality of the articles from the English version. An impor-
tant step forward in multilingual assessment of the quality
of Wikipedia articles has been the Objective Revision Eval-
uation Service (ORES)? (Halfaker and Geiger 2020). ORES
uses structural and readability features as the indicators of
article quality and classifies articles using a set of machine
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learning models. These models are language-specific and
trained in a participatory way by the language communities
of Wikipedia. As a consequence, models exist for only a few
of the more than 300 existing Wikipedia language versions.

Language-Agnostic Framework

In this section, we focus on the framework that we devel-
oped to evaluate the quality of Wikipedia articles in over 300
languages. Our framework adopts a language-agnostic ap-
proach to represent Wikipedia articles, enabling us to assess
the quality, such as the comprehensiveness of knowledge or
information contained within them.

Wikipedia Quality Assessment Scheme

Almost each language edition of Wikipedia typically im-
plements its own system for assessing the quality of arti-
cles, assigning labels based on their overall quality— good,
mediocre, or substandard. These hierarchical quality rank-
ings are based on several key factors, including topic cov-
erage, content organization, structural style, etc. For in-
stance, in English Wikipedia, articles are ranked using qual-
ity classes’, such as— FA, GA, B, C, START, and STUB.
FA represents the highest quality level, indicating articles
that are comprehensive and well-written, while STUB de-
notes the lowest quality with minimal meaningful content
that requires improvement in the overall structure of the ar-
ticle. Similar quality divisions exist in other language edi-
tions, like the French Wikipedia, where labels such as AdQ,
BA, A, B, BD, and ébauche are used, in which AdQ repre-
sents the highest-quality article and ébauche stands for low-
est quality, similar to STUB in English Wikipedia.

The task of assessing article quality is primarily carried
out by Wikipedia editors who mark their evaluations on the
talk pages associated with each article. Talk pages serve as
discussion forums where editors can engage in conversations
related to an article. The current quality of an article is often
documented on its corresponding talk page. These quality
assessments, recorded on talk pages, are then collected and
stored in the form of logs or statistics by automated bots.
Typically, lower-level quality classes are assigned by indi-
vidual editors based on their evaluations. To attain the high-
est levels of quality, such as FA or GA in English Wikipedia,
potential articles are nominated by editors and subsequently
reviewed by either individuals or panels. A selected number
of articles that meet the necessary criteria are then included
in the list of Featured or Good articles. Wikipedia maintains
separate lists dedicated to articles that have successfully ful-
filled all the requirements during the review process. These
lists are periodically updated by the Wikipedia community.

In our evaluation scheme, we map the quality scores pre-
dicted by our framework, which range from O to 1, to the
quality classes used in the English and French Wikipedia.
This mapping enables us to assess the effectiveness and per-
formance of our framework, as discussed in subsequent sec-
tions.

3https://en.wikipedia.org/wiki/Wikipedia:Content\ _assessment
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Language Agnostic Features

Many potential features could be incorporated into article
quality models. Some features should be relevant to article
quality in the traditional sense of a reader’s experience (e.g.,
page length, number of images) while others might just re-
late to what sort of work is considered important in building
a high-quality Wikipedia article (e.g., quality of categories)
even if there is not a clear, direct impact on the reader experi-
ence. Features related to edit history (e.g., number of editors)
are generally not considered.

Our approach is inspired by previous work providing a
grounded approach to developing quality models (Warncke-
Wang, Cosley, and Riedl 2013), that served to propose rank-
ings of relative quality and popularity assessment in multiple
language versions of Wikipedia (Lewoniewski, Wecel, and
Abramowicz 2019). For our modeling framework of article
quality in any given language version of Wikipedia, we have
designed the following set of language-agnostic features:

» Page length: Square-root-normalized number of charac-
ters that exist in the Wikitext of the given revision. This
feature might be the simplest measure of article quality
but one with a fair bit of signal. Challenges include that
different languages require substantially different num-
bers of characters to express the same ideas and thus the
meaning of page length is not consistent across wikis.

* References: Number of ref tags that exist per normal-
ized page length. Good Wikipedia articles should be ver-
ifiable, which generally means well-referenced. Differ-
ent wikis sometimes use specific templates for references
that are separate from the more universal ref tags, which
makes their extraction very challenging.

* Sections: Number of headings (levels 2 and 3 only) per
normalized page length. Wikipedia articles are generally
broken into sections to provide structure to the content.
While more sections generally may suggest higher qual-
ity, it can be difficult to assert the appropriate number of
sections for an article of a given length.

» Wikilinks: Square-root-normalized of wikilinks per nor-
malized page-length. Linking to other Wikipedia articles
generally helps readers explore content and is a good
practice. Different wikis have different norms, however,
about where and when it is appropriate to add links.

» Categories: Number of categories (raw count; no trans-
formation). Categories make finding and maintaining
content easier.

e Media: Number of media files (raw count; no transfor-
mation) — e.g., image, video, or audio files. Multimedia
content enriches Wikipedia articles, though certain topics
are much easier to illustrate than others and certain norms
lead to very high numbers of “images” — e.g., including
flags next to people’s names to illustrate their nationality
as is common in sports-related articles.

There are generally two ways to represent a given fea-
ture: raw count (e.g., number of references) or proportion
(e.g., number of references / page length). The first approach
purely emphasizes “more content is better” but is simple to
interpret. The second approach emphasizes more controlled



growth — e.g., if adding a new section, the article might be
penalized if that section does not have references. In the
most extreme case, all features are proportions and a well-
cited but too short and incomplete article with an image
could be considered just as high-quality as an article fea-
tured by the community. In practice, some form of raw page
length is probably always included to account for longer ar-
ticles generally being higher quality.

Figure 1 shows a recent revision of the article of Catalan
Rumba in English Wikipedia (revision id 1171335521) that
has 3434 characters, 3 references, 3 sections, 41 wikilinks,
1 category, and 0 media files.

Catalan rumba 24 11 languages +
arice Tl Read Edtcource viewhicory ¥

From Wikipedia, the free

Bibliography |

Extemal links

- icle about Calalan rumbat
hon]
shon]

o]

Figure 1: English Wikipedia article about Catalan Rumba.

Feature Extraction

Wikipedia articles are not static, they evolve over time. Edi-
tors are responsible for both creating new articles and updat-
ing the existing ones by generating new versions, called re-
visions. Revisions include the content of the corresponding
version of the article in Wikitext format, as well as associ-
ated metadata such as the authoring editor, the timestamp or
a descriptive comment by the editor about the revision.

The full history of revisions of Wikipedia articles is
available in the XML dumps. To generate our dataset of
language-agnostic features of Wikipedia articles, we first re-
trieve the Wikitext content of every revision of every arti-
cle in every available language version of Wikipedia from
the beginning to the end of 2022. It should be noted that we
only consider pages that represent articles (i.e., main names-
pace*) and that we omitted page redirects. Then, we apply
regular expressions to extract all the features in each revi-
sion. This could be also done with libraries for parsing Wiki-
text content such as mwparserfromhell’. However, we have
found our approach with regular expressions on PySpark up
to 10 times faster in medium-sized articles.

*https://en.wikipedia.org/wiki/Wikipedia: What_is_an_article
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Dataset of Language-Agnostic Features

With our feature extraction process, we generate a dataset
of more than 2 billion revisions stored as CSV files
(one file per language edition). Each row is a revision
and the columns are the id of the revision (revision_id),
the id of the page (page_id), and the values of the ex-
tracted language-agnostic features (page_length, num_refs,
num_sections, num_wikilinks, num_categories, num_media).
To illustrate the value of the dataset, we compare the 9
largest language versions by editing activity: English, Ger-
man, French, Spanish, Italian, Russian, Japanese, Chinese,
and Vietnamese. Figure 2 presents box plots of the distri-
bution of values of each feature in the latest revision of
each article in these 9 versions. We observe that English
Wikipedia, the largest and most popular language version,
exhibits larger values in features like page length and num-
ber of references. However, the Japanese Wikipedia is the
leading one in the number of sections and of wikilinks. We
also note the remarkable lower values for the Vietnamese
Wikipedia, a language version with a high percentage of
very short articles (i.e., stubs) that were bot-generated®.

Quality Modeling of Wikipedia Articles

Our approach to quality modeling of Wikipedia articles
across languages relies on the language-agnostic features de-
scribed in the previous section. The pipeline has two stages:
1) learning feature weights, and 2) deriving pre-processing
thresholds.

In the first stage, a small sample of data is used to learn
the relative weight of each of the model features (e.g., cat-
egories, text, etc). This stage is also used for testing dif-
ferent feature transformations such as log-normalization. In
the second stage, the language-agnostic features from ev-
ery article are compared against the 95th-percentile for that
language edition of Wikipedia to determine what a “high-
quality” article should attain — e.g., if the top 5% of articles
in English Wikipedia have 14 categories, then an article with
5 categories will have a score of 0.36 (min(1,5/14)) for
that feature while an article with 20 categories would have a
score of 1 (min(1,20/14)). Certain global minimum thresh-
olds are also set based on eye-balling the data at this stage.
For example, the minimum threshold of sections is 0.1 in
order to penalize bot-driven language editions of Wikipedia
with many articles with lede paragraphs (i.e., O sections).
Weights and thresholds of each feature are shown in Table 1.

Dataset of Predicted Quality Scores

With our dataset of language-agnostic features of revisions
of Wikipedia articles in over 300 language editions, we ap-
ply the modeling approach described above to predict their
quality. Again, we store the results in CSV files with the
original columns (revision_id, page_id) and a column with
predicted quality score (pred_qual). In addition, we include
a column with the id of each article in Wikidata (item_id)
to facilitate the identification of the same Wikipedia article
across language editions.

Shttps://stats.wikimedia.org/EN/BotActivityMatrixCreates.htm
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Figure 2: Box plots of the feature distributions for the top 9 Wikipedia language versions by editing activity: English (en),
German (de), French (fr), Spanish (es), Italian (i), Russian (ru), Japanese (ja), Chinese (zh) and Vietnamese (vi). Each box plot
represents the distribution of feature values of the latest revision of each article in a given language version.

Feature Weight | Min. threshold for top
quality

Page length | 0.395 10,000 characters

References | 0.181 0.15 (~2 references per sec-
tion)

Sections 0.123 0.1 (1 heading at 100 chars, 2
headings at 400 chars, etc.)

Wikilinks 0.115 0.1 (~1 link per sentence)

Media 0.114 2

Categories | 0.070 5

Table 1: Weight and minimum threshold for top quality
of the language-agnostic features (most language editions
of Wikipedia might have thresholds higher than this mini-
mum).

To provide a broad overview of the dataset, we analyze the
evolution of article quality for the 9 largest language editions
by editing activity. In particular, for each year, we select the
predicted quality score of the latest revision of all existing
articles until that year (included). These scores are grouped
into box plots in Figure 3. For most language editions, we
observe a slow but steady increase over time, with the over-
all quality becoming more stable in recent years. This obser-
vation can be explained by the labor of the Wikipedia edi-
tors improving the quality of articles by expanding their con-
tents. However, this is not the case for all the language edi-
tions. Article quality in the Vietnamese Wikipedia presents
a rise and fall until 2013, with values thereafter concen-
trated in a range more limited than in other language edi-
tions. We examined the Vietnamese language edition in the
MediaWiki History dataset’ and found an increasing ratio of
bot-generated revisions until 2014 (up to 92% of revisions
in that year were written by bots) and then declining and
rebounding again in the last 3 years.

https://w.wiki/7TKTP
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Model Evaluation

To evaluate the effectiveness of our modeling approach by
the quality assessment scheme of Wikipedia articles, we
compile a set of sample test articles from both the English
Wikipedia and the French Wikipedia. These test articles are
used to compare the predictions made by our model against
the ground-truth quality labels that have been assigned by
Wikipedia editors. The term “ground truth quality” refers to
the quality ratings assessed to articles by individual editors
or organized groups of editors, such as WikiProject commu-
nities®). These quality labels are added to the talk pages of
the articles through a template, as mentioned in the previous
section. By comparing our predictions with these ground-
truth quality labels, we can assess the accuracy and relia-
bility of our approach. To evaluate our modeling approach
to the automatic content quality assessment of Wikipedia
articles, we rely on a sample of test articles from English
Wikipedia and French Wikipedia.

We extract the ground-truth quality labels in these two
language editions of Wikipedia through regular expressions.
We select only articles whose revision timestamp was up-
dated before the last quality assessment appearing on their
talk page. In this way, we ensure that the content of the
articles has not changed substantially between the time of
the ground-truth quality assessment and the revision from
which we extract language-agnostic features. Thus, we se-
lect the corresponding revision of articles to create a dataset
with 12,640 and 12,864 articles from English and French
Wikipedia, respectively, with ground-truth quality labels.
We also ensure that the dataset is composed of balanced
label distributions from each of the quality classes of their
respective Wikipedia language edition.

Although French Wikipedia utilizes a distinct quality
scheme from that of English Wikipedia, we have estab-
lished a mapping between the quality classes used in French
Wikipedia and the quality assessment scheme of English
Wikipedia qualitatively. For example, FA-quality articles in
English Wikipedia resemble similar quality which is la-

8https://en.wikipedia.org/wiki/Wikipedia: WikiProject
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Figure 3: Box plots of predicted article quality over time for the top 9 Wikipedia language editions by editing activity. Each
box represents the predicted quality scores of the latest revision up to a given year of each article in a given language edition of
Wikipedia. Color darkness corresponds to the time dimension, the darker the more recent.

beled as AdQ in French Wikipedia. The ground-truth la-
bels extracted from French Wikipedia articles are mapped
to English Wikipedia quality labels following the mapping
scheme as tabulated in Table 2. This mapping helps us to
compare the output of our model to a standardized qual-
ity scheme, which is considered as the ground-truth label
for evaluation purposes. This way aligning the two different
quality class hierarchies from two different language edi-
tions, we can effectively compare and evaluate the perfor-
mance of our model based on a common quality framework.

For our testing sample of articles with ground-truth qual-
ity labels, we apply our modeling framework to compute nu-
merical quality scores (between 0 and 1) for each of the test
articles. Then, we map each output score to a quality label
of English Wikipedia according to the range derived from
a small sample of English Wikipedia articles (i.e., the up-
per limit of each quality class is the median of the predicted
quality score of revisions corresponding to such class). This
way the generated quality score of the test articles (i.e.,
here French and English articles) is mapped to the English
Wikipedia quality classes.

Figure 4 shows the confusion matrices for the prediction
result of our model with the dataset of revisions from En-
glish and French Wikipedia. As can be seen in both matrices,
the misclassification rate is lower for the quality label sub-
groups. For example, in the case of the English Wikipedia,
articles belonging to the FA classes are predicted as GA to
a greater extent than the other types of quality classes. This
is also true for the French Wikipedia, as well as for other
divisions (i.e. START/STUB, B/C) of quality classes. Quality
classes are defined by qualitative measures only. Therefore,
we conclude that distinguishing the classes of their immedi-
ate top/bottom quality is a complex task.
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French WP quality labels | English WP quality labels
AdQ FA
BA GA
A B
B C
BD START
ébauche STUB

Table 2: Quality classes followed in French Wikipedia and
its equivalent quality classes in English Wikipedia.

Model Benchmarking

Finally, we benchmark our modeling against two baseline
machine learning models. The first one is ORES, an arti-
cle quality prediction framework created by the Wikimedia
Foundation (Halfaker and Geiger 2020). The second one is
a Random Forest (RF). We choose this second model not
only to compare it to our framework but also to examine the
predictive value of our set of language-agnostic features us-
ing supervised machine learning approaches. RF models are
trained individually for the revisions of English Wikipedia
and French Wikipedia. We select the best hyperparameter
settings in the training phase. To improve the estimated per-
formance of the RFs on all the classes, we implement 10-
fold cross-validation, and the average accuracy obtained by
the classifier is 0.52 for English Wikipedia and 0.51 for
French Wikipedia.

Model benchmarking against ORES and RF models is
based on the following metrics:

* Spearman rank correlation (m1). To measure the vari-
ation between ground-truth quality labels and model
scores, we use Spearman’s rank correlation coefficient.
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Figure 4: Confusion matrix of class distributions of the ar-
ticles as predicted by our model for (a) English Wikipedia
and (b) French Wikipedia.

Ground-truth labels are converted to numerical values ac-
cording to the ranks of the classes. For example, the six
quality classes in English Wikipedia are FA (featured ar-
ticle), GA (good article), B, C, START, STUB. Therefore,
FA labels are transformed to 1.0, GA labels to 5/6, B la-
bels to 4/6, etc. Like any other correlation analysis, the
coefficient is in [—1, 1] with 0 implying no correlation.

* Label alignment. We quantify label alignment in three
ways described below:

— Exact match (m2). Percentage of predicted labels ex-
actly assigned to the ground-truth labels.

— Within the same group (m3): Percentage of pre-
dicted labels falling within the same group of ground-
truth classes. Quality classes are categorized into three
groups of labels: GA/FA, C/B and START/STUB.

— Within one class (m4). Percentage of predicted labels
matching within one class of ground-truth labels.

The results of our model benchmarking are presented
in Table 3. For revisions from the English Wikipedia, we
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observe that ORES provides better results in all metrics.
We want to recall that ORES models incorporate language-
dependent features, which might explain obtaining more ac-
curate predictions of article quality. However, results are dif-
ferent in French Wikipedia, achieving slightly better predic-
tions with RFs and our framework in certain metrics, e.g.,
label assignment within one class.

These results support our intuition about the noteworthy
predictive value of modeling with language-agnostic fea-
tures. Furthermore, the improvement using RFs — in com-
parison to simpler heuristics of our framework — suggests a
promising potential of machine learning techniques with our
set of language-agnostic features.

Conclusion and Future Work

In this paper we have presented a framework to model
Wikipedia article quality using language-agnostic features.
Our approach transforms the unstructured and massive con-
tent of Wikipedia XML dumps into a dataset of language-
agnostic features from revisions. Therefore, this resource
contains a structured, smaller, and more manageable repre-
sentation of the full history of all Wikipedia articles. Addi-
tionally, we have created a second dataset with the scores
resulting from applying our framework that automatically
assesses article quality using these features.

Our datasets have several applications. The most intuitive
one is to examine the evolution of article quality in a par-
ticular language version of Wikipedia and running cross-
lingual studies. For example, future research could analyze
each individual feature to conduct specific studies on the
number of characters, references, sections, images, and links
added within and across languages, e.g., to evaluate the
impact of coordinated campaigns to expand knowledge on
Wikipedia (Halfaker 2017; Langrock and Gonzalez-Bailén
2022).

Our work complements other public datasets such as Me-
diaWiki History, Wikipedia Article Topics (Johnson, Ger-
lach, and Saez-Trumper 2021), and Wiki-Reliability (Wong,
Redi, and Saez-Trumper 2021), providing a crucial missing
piece. Combining all these resources with our framework
and datasets would allow further research to address other
relevant downstream tasks, e.g., examining content gaps in
quality on a given topic, quantifying the relationship be-
tween quality and reliability of articles, measuring the im-
pact of anonymous edits on article quality, etc.

With the release of the datasets of our work, we ex-
pect to make Wikipedia content more accessible to diverse
research communities. Our language-agnostic framework
aims at providing valuable input data for machine learning
services in any language, including low-resourced languages
in alignment with the spirit of knowledge equity. However,
we should note that the evaluation of our quality assess-
ment model was done with articles from English and French
Wikipedia. While these two language editions were chosen
because they allowed us to obtain comparable “ground-truth
quality” labels, the exclusive use of these two languages for
testing constitutes a limitation of this study. Therefore, fu-
ture work should extend this evaluation with data from low-
resource language editions of Wikipedia.



Language M ORES RF

ml m?2 m3 m4 ml m?2 m3 m4 ml m2 m3 m4
English 079 | 40.9 | 66.3 | 824 || 0.85 | 58.6 | 787 | 899 || 0.82 | 51.7 | 73.8 | 85.2
French 076 | 404 | 67.9 | 839 | 0.79 | 50.9 | 684 | 83.0 || 0.80 | 51.6 | 71.9 | 83.8

Table 3: Benchmarking of our model (M) agains ORES and the Random Forest models (RF) for the dataset of revisions with
ground-truth labels from English and French Wikipedia using the metrics: Spearman rank correlation (m1), label alignment
exact match (m2), label alignment within the same group (m3), label alignment Within one class (m4).

Ethical and FAIR Considerations

Our datasets are based on public data from the XML dump
of the history of revisions of Wikipedia articles’. This re-
search was observational only and we did not use any user
information from Wikipedia editors. We do not envision any
potential negative societal impacts or potential misuse of this
work. These released datasets conform to the FAIR princi-
ples (Wilkinson et al. 2016) as follows:

* Findable: The datasets have been made publicly avail-
able using the Zenodo data service that provides a per-
manent digital object identifier (DOI): https://doi.org/10.
5281/zenodo.10495081.

¢ Accessible: Anyone with an Internet connection can
freely access our datasets, which are licensed under CC
BY-SA 4.0.

¢ Interoperable: The datasets are released in CSV files, a
standard format for tabular data that is easily readable in
most programming languages and data processing plat-
forms.

* Re-usable: A README file is provided with metadata
to facilitate the re-usability of our datasets.

Inspired by (Mitchell et al. 2019), additional details about
our framework have been documented in a model card!©.
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1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying dis-
respect to societies or cultures? Yes, this research fo-
cuses on public data not related to individuals and re-
lies on language-agnostic features to support knowl-
edge equity among language communities in Wikime-
dia.

Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes.

Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, see
details in the section describing our language-agnostic
framework.

Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, see
details when describing the data and the Wikipedia
quality assessment scheme.

Did you describe the limitations of your work? Yes,
we compared the limitations of our approach in com-
parison to language-dependent approaches to quality
assessment in Wikipedia.

Did you discuss any potential negative societal im-
pacts of your work? Yes, we mentioned that we do not
envision any example in this regard.

(g) Did you discuss any potential misuse of your work?
Yes, we mentioned that we do not envision any exam-
ple in this regard.

Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, these details are provided in the
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2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? NA.

(b) Have you provided justifications for all theoretical re-
sults? NA.

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? NA.

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA.

(e) Did you address potential biases or limitations in your
theoretical framework? NA.

(f) Have you related your theoretical results to the existing
literature in social science? NA.



(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA.

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA.

(b) Did you include complete proofs of all theoretical re-
sults? NA.

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes,
we provide all the details in the model card, including
a link to the code to reproduce the model evaluation.

(b) Did you specify all the training details (e.g., data splits,

hyperparameters, how they were chosen)? Yes, we

provide all the details in the model card.

Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
No, as machine learning models are only used for
benchmarking purposes (our framework relies on a
heuristic approach).

(c)

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? No, as machine learning
models are only used for benchmarking purposes (our
framework relies on a heuristic approach).

(e) Do you justify how the proposed evaluation is suf-
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details in the subsection describing our model bench-

marking.
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and fault (in)tolerance? Yes, see details in the subsec-
tion describing our model benchmarking.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...
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(b) Did you mention the license of the assets? Yes.

(c) Did you include any new assets in the supplemental
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tained from people whose data you’re using/curating?

Yes, our datasets are based on public data from the
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articles.
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rating contains personally identifiable information or

offensive content? Yes, our datasets does not contain
personally identifiable information or offensive con-
tent.
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(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see Wilkinson et al. (2016))? Yes.

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? No, but, inspired by (Mitchell et al. 2019),
a model card was created.

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA.

(d) Did you discuss how data is stored, shared, and dei-
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