Real-time prediction of Wikipedia articles’ quality

Pedro Miguel Moas![0009-0000—-1659-3590] 31q Carla Teixeira
Lopes2[0000-0002—4202—791X]

! Faculdade de Engenharia, Universidade do Porto, R. Dr. Roberto Frias, 4200-465
Porto, Portugal
2 INESC TEC, Faculdade de Engenharia, Universidade do Porto, R. Dr. Roberto
Frias, 4200-465 Porto, Portugal, Portugal
{pmmoas,ctl}@fe.up.pt

Abstract. Wikipedia is the largest and most globally well-known online
encyclopedia, but its collaborative nature leads to a significant dispar-
ity in article quality. In this work, we explore real-time and automatic
quality assessment within Wikipedia through machine-learning. We first
constructed a dataset of 36,000 English articles and 145 features, then
compared the performance of multiple classification and regression algo-
rithms and studied how the number of classes and features affects the
model’s performance. The six-class experiments achieved a classifier ac-
curacy of 64% and a mean absolute error of 0.09 in regression methods,
which matches or beats most state-of-the-art approaches. Our model
produces similar results on some non-English Wikipedias, but the error
is slightly higher on other versions. We have also determined that the
features measuring the article’s content and revision history bring the
largest performance boost.
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1 Introduction

Wikipedia is the world’s largest and most well-known online encyclopedia and
has kept its growing pace for years. As of June 2025, it contains over 7 million
English articles [29], with versions across a list of 342 active languages [25].
Additionally, from June 2024 to May 2025, Wikipedia totalized close to 300
billion page views across 2 billion unique devices [22], suggesting that many
people worldwide consider Wikipedia a viable source of information.

Wikipedia relies on human volunteers to add and maintain its content, aver-
aging a rate of 8.8 edits per second from June 2024 to May 2025 [22]. However,
since there is no centralized authority over the article editors, ensuring quality
throughout the website is a challenging task.

Another central issue is the substantial discrepancy between the quality of
English and non-English articles. For starters, non-English Wikipedias cover a
much smaller number of articles [25]. Furthermore, they are often much more
incomplete as well, as demonstrated by Roy et al. [I7]. For instance, they deter-
mined that German articles are, on average, 30% shorter than English ones, and
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for Spanish articles, that value increases to 47%. Considering that around 57%
of total Wikipedia traffic goes to non-English articles [22], this indicates a sig-
nificant problem for international readers. These points show that Wikipedia’s
quality may vary significantly across different articles and languages. However,
readers have no easy methods for quickly assessing quality, so they must rely on
their judgment to determine a Wikipedia page’s value.

Envisioning the construction of a Machine Learning (ML) model that auto-
matically predicts the quality of Wikipedia articles, we conducted a thorough
experimentation guided by the following research questions:

RQ1. Which ML algorithm yields the best performance in predicting the quality
of Wikipedia articles?

RQ2. How does model performance vary with the number of output classes?

RQ3. Which subset of features produces the best performance?

RQ4. How effective is our model at predicting the quality of non-English arti-
cles?

In summary, in this article, we make 2 main contributions. First, we iden-
tify 145 features that can be automatically computed to predict the quality
of Wikipedia articles. These features are grouped into five categories: content
(33 features), style (72 features), readability (10 features), history (22 features),
and network (8 features). We computed all the features for a set of 36,000 En-
glish articles and some features for four smaller groups of articles used in the
multi-language evaluation: English (11,096 articles), French (11,195 articles),
Portuguese (10,525 articles), and Russian (10,341 articles). These datasets are
publicly available in a research data repository and can be used in future re-
search [I6]. Second, we design a machine-learning solution that effectively pre-
dicts Wikipedia article quality into six classes (FA, GA, B, C, Start, and Stub),
outperforming most state-of-the-art approaches. The source code for the devel-
opment and testing of the model is publicly available.

2 Background and Related work

This section discusses different meanings of “quality” and analyzes the existing
literature relating to the subject of this paper.

2.1 Information Quality

Information Quality (IQ) is an extraordinarily researched topic, and numerous
ways exist to measure it. Lee et al. [I3] systematize that process by representing
quality as 15 different properties, such as Accessibility, Believability, and Inter-
pretability. We do not plan to assess properties relating to the integrity of the
information, as that would be more suitable for manual approaches. Regardless,
there might be some correlation between some quality properties and others.
Due to Wikipedia’s collaborative aspect, contributors will, in theory, cooperate
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to improve the article continuously, so it is reasonable to assume that well-written
articles will be trustworthy more often than not.

Some may say there is no truly objective way to quantify quality. However,
there are undoubtedly measurable characteristics that people often relate to
outstanding quality, and we plan to determine those and their correlation with
excellence in written documents.

2.2 Wikipedia’s Quality Scale

To monitor and maintain content quality, Wikipedia developed a nine-grade scale
that rates articles from incomplete entries documents(Stubs and Starts) to com-
prehensive, well-written ones (Featured Articles) [27]. Among the six intermedi-
ate levels, this work focuses on three: Good Articles (GA), B-class, and C-class,
listed in descending order of quality. Notably, most English Wikipedia consists
of lower-quality articles, with Starts and Stubs accounting for more than 80% of
its content, while the share of Featured and Good Articles is around 0.6% [27].
These values are only meant for internal use by Wikipedia’s contributors and
are not to be taken as official ratings. Besides, not every English article is rated,
and the other versions of Wikipedia that assess their content will have distinct
quality scales, evaluated with different criteria.

2.3 State of the Art

A systematic literature review was conducted to explore current methods for
automatically assessing Wikipedia article quality [I5]. The review included 149
papers, 71 of which employed machine learning techniques. While most studies
focus on English Wikipedia, 35 examined non-English versions, and 7 addressed
multilingual quality assessment.

We collected 321 unique features, all of which consider either the text of an
article, its revision history, or how it relates to other articles within Wikipedia or
the internet. The textual features, which factor in the content of the Wikipedia
article, are the most recurring of the ones we collected, forming almost 90% of
the set. Some studies also proposed IQ metrics—formula-based approaches that
can function independently or support machine-learning models.

Both deep learning and classical algorithms have shown promising results.
Deep learning achieved 68-76% accuracy in 6-class setups, though these methods
are less suited for real-time applications. so we are better off comparing ourselves
with the classical learning accuracies, which range between 62% and 73% in
the top 3. In simpler 2-class scenarios with balanced datasets, multiple studies
reported accuracy above 95%.

In summary, the study of the automatic quality assessment of Wikipedia has
become more prevalent over the years. Feature-based machine learning models
appear to have been a solid option throughout the entire period, though. We will
use these findings as a basis for our work, conducting further experimentation
to develop better quality predictors.
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3 Methodology

This section explains in detail all the steps involved in developing our solu-
tion. We opted for using a machine-learning approach, so we needed to define
a dataset, automate the calculation of features, and then compare the perfor-
mance of different algorithms, maximizing the model’s accuracy. The datasets
we constructed are entirely available in a research data repository [16], and the
source code is fully accessible from a GitHub repositoryEl

3.1 English Dataset Definition

Using MediaWiki’s API, we first obtained a list of all the titles of each quality
class. Wikipedia provides a category page for each quality class, listing the pages
assessed as such, so we used the API to fetch the elements of each category.

Owning all the Wikipedia titles and the quality of their respective pages
allowed us to create a randomized dataset more effortlessly. We decided not to
include the FL and A-class items in our experiments for distinct reasons. First,
the goal of Featured Lists is to thoroughly list other items, and often do not
contain much more content. Regarding the A-class tier, they correspond to a
tiny portion of Wikipedia [27] and do not follow the linear quality path, as being
a GA (Good Article) is not a requirement for being A-class.

Collecting the articles was a straightforward process. We selected 6,000 ran-
dom titles for each class and used MediaWiki’s API to obtain their contents. We
arrived at that number because we wanted to keep the dataset balanced, and
the relatively low supply of FA’s does not allow us to expand it further.

Network Graph Generation We can view Wikipedia as an “interconnected
network of articles”, where each entry can link to other Wikipedia articles. For
that reason, we can consider a collection of hyperlinked pages as a directed
graph, where the nodes represent the articles and edges indicate the existence of
a link between them [I]. Certain features require knowing some properties of the
article’s graph, such as the in-degree and out-degree. Therefore, before feeding
the page contents to the feature calculator, we construct a network graph of each
article we assess.

The Laboratory for Web Algorithms provides datasets of several networks [€],
including Wikipedia. We used the enwiki-2022 dataset, which contains over 6
million nodes and 159 million arcs, then processed them with the WebGraph
framework I, a library that eases the manipulation of large Web graphs [5].

The enwiki-2022 dataset was produced in the same week we ran the exper-
iments described in this document, so the values are up-to-date. However, when
we randomly select the 36,000 articles to include in our dataset, we sometimes
encounter titles that are not present in enwiki-2022. Those occurrences are
rare, so we skip the missing items and do not include them in the dataset.

3 GitHub Repository URL: https://github.com/MOAAS/WikiQuality
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Training and testing datasets After calculating each article’s entire set of
features, our final step was to partition our data into a training set and a testing
set. We decided on a 70/30 split, 70% for training and 30% for testing data, as
previously done by multiple authors [20JT14]. Table [l shows the final distribution
of articles in our dataset. We initially picked 6,000 titles from each level of quality,
but we did not compensate for missing items during the generation of network
graphs. Fortunately, that step showed an insignificant number of missing results,
so we consider our dataset practically balanced.

Table 1: Article quality distribution within the dataset
FA GA B C Start Stub Total
Training 4,200 4,200 4,197 4,199 4,196 4,198 25,190
Testing 1,800 1,800 1,798 1,799 1,797 1,798 10,792
Total 6,000 6,000 5,995 5,998 5,993 5,996 35,982

3.2 Feature Set

This section describes our feature list and the processes involved in calculating it,
which account for over 80% of the dataset’s build time. Each feature belongs to
one of five different categories: Content, Style, Readability, History, and Network,
and every feature has an assigned identifier that always starts with the first letter
of its category. We provide an exhaustive detailing of all the used features and
their identifiers at our source code repositoryﬂ

Content Features (33 features) Content features analyze the length and
structure of the article (e.g., Character Count, Citation Count, Number of Im-
ages). All of them can be directly obtained from the plain text and original
wikitext, so they are the fastest to compute.

Style Features (72 features) Style features evaluate how contributors write
their sentences, measuring the used word classes and sentence types (e.g., Ques-
tion Count, Verb Count). They can all be derived from the article’s plain text.
These features are also relatively fast to compute. However, the NLP process
with the NLTK tool sometimes takes a while (up to a couple of seconds for very
long articles, which potentially amounts to hours with 36,000 articles).

Readability Features (10 features) Readability features assess how easy a
text is to read, using carefully designed formulas that combine word, syllable, and
character count. This includes metrics like Automated Readability Index [I8],
Coleman-Liau[7], and Flesh-Kincaid [11].

* https://github.com/MOAAS/WikiQuality/blob/main/ml/datasets/README.md


https://github.com/MOAAS/WikiQuality/blob/main/ml/datasets/README.md

Moés et al.

Applying the formulas was a swift and straightforward process, considering
they only require values we had previously determined with the assistance of
NLP tools (e.g., number of syllables and number of sentences). Calculating the
number of complex words was an exception, though, for we had also to collect
the list of easy Wordsﬂ initially proposed by Dale and Chall [9].

History Features (22 features) History features measure an article’s revision
history and analyze its authors and contributions (e.g., Number of Revisions,
Number of contributors). Stable articles with trustworthy authors tend to be
better than controversial articles with frequent edits. The features within this
category aim to measure articles based on this principle.

Measuring history features takes significant time because we must first ob-
tain the entire revision history of its respective article through MediaWiki’s API.
Pages with more contributions will take longer to acquire. For example, the
United States articltﬂ has the second-largest history between English Wikipedia
articles, reaching 52,329 revisions (June 2025) [28]. During experimentation,
fetching all its contributions took around 60 seconds. However, analyzing our
dataset, most articles rarely have that many edits. For instance, considering
only the Stubs, Starts, and C-class articles, which comprise the majority of
Wikipedia, 92.8% of them have under 500 revisions.

Network Features (8 features) Network features consider Wikipedia as a
graph, where its nodes represent articles and the edges are the citations between
them. Some examples include the in-degree and out-degree of an article. We can
derive nearly all the features from the article’s network graph, except for NT
(Number of Translations), which we obtain from the MediaWiki API. However,
graph generation is a highly time-consuming step, so this category is likely the
least appropriate for real-time quality assessment.

Feature Computation Some features required us to isolate the text of the
article from all the wikitext tags and templates. Therefore, we clean the arti-
cle’s wikitext before extracting its features, obtaining the filtered plain text. We
remove some irrelevant sections during the cleaning process, such as references
and footnotes. However, since we need those to compute certain features, we
still preserve the original wikitext. We also remove many non-textual templates,
like {chess diagram} and {location map}, and ignore formatting tags, such
as <small> and <center>, only keeping the text inside them. Wikitext has a
complex syntax and countless tags, so it is difficult to determine all the edge
cases. However, even if our wikitext cleaner is not flawless, empirical findings
show almost perfect results.

Several feature categories demand a specialized analysis of the plain text we
extract from the wikitext (i.e., Natural Language Processing, NLP). We used

® http://countwordsworth.com/download/DaleChallEasyWordList . txt
8 Wikipedia article is available at: https://en.wikipedia.org/wiki/United_States
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NLTK (Natural Language Toolkit) [3I4], a library that allows Python programs
to process natural language data. It provides tokenization for isolating sentences
and words, and POS (part-of-speech) tagging for identifying word classes. We
also relied on the syllables python packag{] to estimate the number of syllables
in each word. Although these tools are powerful, they are mainly designed to
work for English texts. Using them for a few other Western languages is possible,
but they will not perform as accurately, so we must take that issue into account
during experimentation.

3.3 Experimentation

This phase of our study was extensive, as it was essential for developing an accu-
rate machine-learning model. This section details the experiments we conducted
to answer the research questions we defined. Each experiment and respective
model will have an assigned identifier with the following format:
<CATEGORIES><CLASSES>/<ALGORITHM>_<TASK>
We also explain this naming convention in Table [2| By default, our model
will train with the six classes and all the described features (i.e., CSRHN6/*).

Table 2: Training Experiments: Naming Convention
Element Description Example

Feature categories included in the dataset. Each category

<CATEGORIES> is represented by its initial letter. Possible categories: CSRHN
Content, Style, Readability, History, Network.
Number of output classes considered for training the
model. If it is less than 6, multiple levels of quality may
have the same class (more information on Tables [5| and
<ALGORITHM> I§A[)lgorithm used to train the model. tree
Whether the chosen algorithm solves classification (c) or
regression (r) tasks.

<CLASSES>

<TASK>

Algorithm Comparison We used 16 machine-learning algorithms—eight for
classification and eight for regression—and conducted extensive experiments to
identify the most effective models and hyperparameters, as algorithm choice
greatly influences performance.

We trained the models using scikit-learn [12]. Table |3] lists the different al-
gorithms we experimented with, along with the hyper-parameters we found to
be most suitable (unmentioned parameters were left to scikit-learn’s default val-
ues). We determined them using a combination of manual and grid search, which

" The syllables package is available at: https://pypi.org/project/syllables/
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do not necessarily give the optimal values but are still widely used in the current
state-of-the-art [2].

Furthermore, many of these algorithms require the normalization of the input
data to achieve maximum performance [I0], so we invariably applied z-score
scaling before training, which normalizes the features to have a mean value of 0
and a standard deviation of 1 [19].

Table 3: Used Machine Learning Algorithms and Hyper-Parameters

Algorithm Parameter Name Parameter value for
Name ID Classification| Regression
Decision Tree tree | orterion | entropy _[squared_creor
n_ estimators 150 150
Random Forest forest criterion entropy squared _error
max__depth 15 15
n_ estimators 150 150
Ada Boost ada learning _rate 0.1 0.1
base estimator tree_c tree r
. n_estimators 150 150
Gradient Boost gboost learning _rate 0.01 0.01
Support Vector Machine|svc/svr ker(l;el rl;f rlz)f
hidden layer sizes (100) (100)
Multi-Layer Perceptron |mlp alpha 0.1 0.1
max_iter 10,000 10,000
K-Nearest Neighbors knn n_neighbors 10 -
Gaussian Naive-Bayes |gnb - - -
Logistic Regression logreg max_iter 10,000 -
Linear Regression linreg - - -

Quality Classes Mapping Since most regression algorithms struggle with
categorical labels, we converted quality labels to numerical values. Following Te-
blunthuis [21], who notes Wikipedia’s quality levels aren’t evenly spaced, we used
a non-linear scale based on his ordinal regression model. This mapping, shown
in Table , does not affect classification experiments because those algorithms
do not consider the values of each label.

Table 4: Regression Experimentation Class Mapping vs. Linear Class Mapping

Class FA GA B C Start Stub
Default 1.0 0.9 0.7 0.6 0.4 0.0
Linear 1.0 0.8 0.6 0.4 0.2 0.0
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Although the dataset distinguishes between six distinct classes of quality, we
also decided to study the model performance on a smaller number of classes.
We thus conducted four different experiments for every algorithm, varying the
number of classes in each one, but keeping all the features. Table [5|shows how we
aggregated quality classes for each regression experiment. For example, in 5-class
experiments, the classes B and C are merged in one. It is also worth noting that
the 5-class and 2-class mappings lead to an unbalanced dataset, as we merge the
examples into the same classes. Therefore, in those cases, we randomly removed
excess rows from every label until the classes were distributed evenly.

Table 5: Quality-to-class Mapping in  Table 6: Quality-to-class Mapping in

Regression Classification
# Classes FA GA B C Start Stub # Classes|FA|GA|B | C |Start|Stub
6 1.0 09 0.70.6 04 0.0 6 Ci| Cy |C3|Cy| Cs Cs

1.0 09 0606 04 0.0

5 5 Ci| Co| Cs Cy Cs
3 1.0 1.0 0.6 0.6 0.0 0.0 3 Ci|Ci| Co C3
2 1.0 1.0 0.00.0 0.0 0.0 2 1 Cy

Although classification experiments do not look at the value numbers, they
will be based on the regression mapping, meaning quality levels with equal value
will be considered the same class. Table [0 clarifies which classes we merged
together for the classification experiments.

Feature Subset Optimisation We trained 14 extra models for each previ-
ously listed algorithm, in each run varying the feature set and keeping all six
classes. Table [7] lists those experiments, showing the different combinations of
feature categories we tested. The combination IDs follow the naming convention
previously defined in Table

Table 7: Model Experimentation: Feature Subset Combinations (Transposed)

Feat CSRHN|SRHN|CRHN|CSHN |CSRN|CSRH||C|S|R|H|N|[CSR|CSH|CRH||CH
[@] X X X X X X X X X X X
S X X X X X X X X
R X X X X X X X X
H X X X X X X X X
N X X X X X X
# 145 112 73 135 123 137 [[33|72]10]22] 8[| 115 | 127 65 55

Multi-language Performance We constructed four new datasets, each respec-
tive to a different language. They all distinguish six different levels of quality, but
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each Wikipedia version has a different naming convention for its quality levels.
To avoid confusion, we normalized the classes into letter grades, ranging from
A+ to F. Table[§ displays the mapping between the classes and their respective
letters.

Table 8: Model Experimentation: Quality Levels per Language
Standard A+ A BC D F
English [27] FA GA B C Start Stub
French [26] AdQ BA A B BD Ebauche
Portuguese 23] 6 5 4 3 2 1
Russian [24] MC XC 111 III v

We did not find any Wikipedia version that provides a list of articles for
every quality level, aside from the English one. We instead used MediaWiki’s
API to obtain random articles, determining their quality from the discussion
page. Although that approach produces an unbalanced dataset, it summarizes
the quality distribution within each Wikipedia. We discarded some titles while
collecting the articles, as some items had no quality assigned. Therefore, the
dataset sizes slightly differ between them, with English having 11,096 articles,
French 11,195, Portuguese 10,525, and Russian 10,341.

Besides considering diverse languages, we experimented with three different
feature sets for each one: CSRH, CRH, and CH. We always excluded net-
work features because we do not have access to WebGraph datasets for other
Wikipedia versions. We also tested the model without style and readability fea-
tures because those are mostly inaccurate outside the English domain, especially
the readability ones [8]. We selected the forest r models for these experiments
as that algorithm performed best on the standard dataset.

4 Results

This section discusses the main findings of our machine-learning experiments.
Apart from the ones listed in Section [£:4] where we analyze the performance of
three top-performing regression models (CSRHG/forest_r, CRHG/forest_r, and
CHG/forest_r) on a multi-language scenario, all the results relate to experiments
on the English Wikipedia using the 36,000 articles dataset. Since our result data
is extensive, we summarize the essential information using tables and graphs,
but all the collected results are available in a research data repository [16].

4.1 Algorithm Performances

We collected multiple performance metrics from our experimentations. Figure
shows the best-performing model was the Support Vector Classifier, achieving
64% accuracy. Most of the other algorithms reached similar values, ranging from
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60% to 62%. When applied to the training set, these models often achieved 95
to 100% accuracy. These high accuracies suggest our approach is vulnerable to
overfitting, so we will only consider results from the testing set for the rest of
this section.

Then, we decided to analyze algorithm performance per class, because we
suspected the models were performing worse on certain quality levels. Figure [2]
suggests all algorithms have more difficulty predicting the quality of mid-tier
articles than the extreme ones, likely because B and C levels are very similar
quality-wise.

= ada_c
= forest ¢
gboost_c
= gnb_c
= knn_c
= logreg_c

mip_c

Accuracy
F1-Score

= svc_c

- tree_c

FA GA B Cc Start Stub

) . ) Fig. 2: Fl-score of classification models
Fig. 1: Accuracy of classification mod- ¢ .2i1 04 with all features and classes,

els trained with all features and classes per article quality

We have also compared the performance of the multiple regression algo-
rithms. We show the Mean Absolute Error (MAE) of the predictions in Figure (3]
as it is considered an appropriate indicator of the average error [30]. In this case,
Random Forest has shown the best results (0.09), but almost all others display
MAE values around 0.1. We also performed a per-class analysis of the regression
results, showing the comparison in Figure [4] and the following findings:

— Gradient Boosting shows a unique pattern compared to the other algorithms,
achieving the lowest error rate for mid-tier articles.

— Most algorithms peak the MAE on the Start articles, probably because its
quality value (0.4) is more distant from its adjacent levels (Stub - 0.0, C
- 0.6). Conversely, the error bottoms at featured articles because its only
adjacent level (GA) is only 0.1 points lower.

— Otherwise, the error rates usually do not vary significantly throughout the
multiple classes.

4.2 Analysis of Number of Classes

It is expected that model accuracy increases as the number of classes decreases,
but we decided to assess which algorithms would perform better with each num-
ber of classes.
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025 = ada_r
= forest_r

020 gboost_r
= linreg_r

015 - mip_r
- svi_r

- tree_r

Mean Absolute Error (MAE)

Mean Absolute Error (MAE)

FA GA B c Start Stub

adar  forestr gboostr linregr  mip_r svir tree_r

Fig.4: MAE of regression models
trained with all features and classes,
per article quality

Fig.3: MAE of regression models
trained with all features and classes

Comparing classification results is straightforward, as we can directly com-
pare the obtained accuracies. However, for the regression algorithms, directly
comparing the mean error does not give great insight into performance improve-
ment, as fewer classes lead to more spaced-out levels of quality and may lead to

a larger error. For that reason, we compared the values of Avgp;s = Avg/fsi,
pacing
1

where Avgspacing = Numciesses=1- 0 other words, Avgspacing is the average
distance between two levels of quality, and Avgp;s represents how many classes
away will the model prediction be from the correct one.

Table [0] summarizes these results for both classification and regression algo-
rithms, listing the most effective algorithms for each number of quality levels,
and shows how well performance improves when the number of labels decreases.
We can determine that Support Vector Classifiers (svc_ ¢) and Random Forest
Regressors (forest_r) are consistently good-performing models, independently
of the used classes.

Table 9: Number of Classes: Most effective algorithms for each experiment

Clzﬁses Best Models Accuracy MAE Avgpist
6 sve_c 64% - -
forest_r - 0.0898  0.4490
5 sve_ ¢ 73% - -
forest_r - 0.0878  0.3512
\ ada_ z;forcest_ ¢, 81% ) )
forest 1 - 0.1333  0.2666
forest_c, mlp_c, 91%
2 svc_c

forest T - 0.1479  0.1479
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Accuracy
MAE

SR S NSRS RXRRR O 2R
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Feature Set Feature Set

Fig.5: Support Vector Classifier: Fig.6: Random Forest Regressor:
Model accuracy Model MAE

4.3 Feature Category Importance

We observed that if a particular algorithm performs worse with a specific feature
set, other algorithms will follow suit. As a result, we decided to focus this analysis
solely on the svc_ ¢ and forest r models, which are the best-performing classifier
and regressor in every feature set.

Figures [5] and [6] show how the model performs when trained with different
feature sets. It is unsurprising that using all features does not worsen perfor-
mance, but we can quickly notice that not all categories are equally important.
We can observe that content features have the best impact on the results, but
keeping history features out also negatively affects performance. The charts also
indicate that network features are not too crucial for accurately predicting an
article’s quality, which is fortunate considering their long computation times.

4.4 Multi-language Model Performance

As mentioned before, we constructed four new datasets, each respective to a dif-
ferent language. We then assessed the performances of three regression models:
CSRH6/forest_r, CRHG6/forest_r, and CH6/forest_r. This experiment aims to
simulate a real-time scenario, hence the usage of imbalanced datasets and regres-
sion models, which are better suited for predicting continuous values. Figure [7]
shows that we can maintain the prediction error at an acceptable rate, even
in other languages. We do not assess the MAE because these datasets are not
balanced, so we want to give more weight to larger errors.

Additionally, we noticed that, on average, the model fares better against Por-
tuguese articles. The relatively lower abundance of mid-tier Portuguese articles
may explain that phenomenon, as it is more trivial to distinguish between ar-
ticles that are much more distinct quality-wise. We can also observe that using
fewer features significantly decreases model performance on non-English articles,
which is surprising, considering that style and readability features are supposedly
more accurate for English texts.



Moés et al.

@ CSRH [ CRH CH
0,0800

0,0600

0,0400
- JI II
0,0000

English French Portuguese Russian

MSE

Language
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5 Discussion and implications of results

Wikipedia is a vast encyclopedia with a significant quality disparity between the
millions of its articles, so it is difficult for users to determine the quality of the
article they are reading efficiently. Envisioning the construction of a model that
automatically predicts the quality of Wikipedia articles, we compared several
algorithms with different sets of features in English articles and also in a multi-
language scenario with English, French, Portuguese, and Russian articles.

We found that the best-performing algorithms for classification and regres-
sion were Support Vector Machines (SVM) and Random Forest, respectively
(RQ1). The first achieved an accuracy of 64% and the second a Mean Abso-
lute Error of 0.09. Our best-performing algorithms match or beat most state-
of-the-art approaches, comparing our results with those we collected during the
literature review.

As expected, decreasing the number of classes improved the model’s accuracy
(RQ2), but we considered the 5-class experiments to produce the most significant
relative improvement, with an accuracy of 73%. Regardless, there does not seem
to be an actual benefit to using less than six classes, as prediction misses only
tend to occur on adjacent quality levels.

Regarding feature importance (RQ3), we found content features to be much
more effective than the rest, but mixing them with the other categories led to a
significant performance boost, especially history features. Additionally, we have
shown that keeping the style and readability features improves performance for
predicting non-English articles. We found that history features increase predic-
tion time but considering them in a real-time scenario may still be justified by
the performance gains. On the other hand, determining network features requires
substantial computational effort for the benefit it generates, making them less
suitable for real-time usage.



Real-time prediction of Wikipedia articles’ quality

We also tested our model in randomly generated datasets of non-English
Wikipedia articles (RQ4). All datasets showed promising results, though, on
average, we can expect this solution to perform slightly worse in non-English
Wikipedias. We have deposited the datasets used in the experiments and our
results in a public repository. Finally, we provide this project’s source code in a
GitHub repository.

6 Conclusions

Wikipedia is a vast and evolving encyclopedia maintained by volunteers. We
have successfully trained well-performing models for automatically predicting
Wikipedia quality, designing a solution as good or better than state-of-the-art
approaches.

Although this work has various benefits, it also comes with a few limitations.
The main one, which is a common issue in many similar approaches, is that article
features are simply not enough to measure quality. Downscaling entire articles
into a few numbers guarantees the loss of critical information: The article’s
context, the integrity of the text, and the dimension of its theme are elements
crucial to determining the quality and are virtually impossible to summarize for
an approach like ours. It may be for this reason that these approaches never
appear to reach perfect accuracy, seeming to peak around the 60%’s.

Moreover, even if we could make a perfect model of Wikipedia’s quality scale,
nothing guarantees that it would actually be a good measure of quality. That
scale is maintained by many different editors across the most distinct WikiPro-
jects, so it is heavily subject to human error. Editors are likely to unintentionally
apply their biases to the evaluations, effectively leading to varying standards for
the same level of quality. Additionally, we assume that the quality assessments
are up-to-date with the latest changes to the article, which is not guaranteed.

We consider this study has potential for future research on a few paths. The
set of features could be further tuned by assessing their importance individually
instead of grouping them in categories. For instance, some style features are prob-
ably much more relevant than others, so upon further experiment, that category
could see a severe reduction without significantly affecting model performance.
Such an analysis could also help mitigate the model overfit we encountered. Au-
thors may also wish to experiment with additional features or algorithms (e.g.,
deep learning), to try to further improve our results.
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