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Abstract

Wikipedia, the Web’s largest encyclopedia, frequently faces
content disputes or malicious users seeking to subvert its in-
tegrity. Administrators can mitigate such disruptions by en-
forcing “page protection” that selectively limits contributions
to specific articles to help prevent the degradation of con-
tent. However, this practice contradicts one of Wikipedia’s
fundamental principles—that it is open to all contributors—
and may hinder further improvement of the encyclopedia.
In this paper, we examine the effect of page protection on
article quality to better understand whether and when page
protections are warranted. Using decade-long data on page
protections from the English Wikipedia, we conduct a quasi-
experimental study analyzing pages that received “requests
for page protection”—written appeals submitted by Wikipe-
dia editors to administrators to impose page protections. We
match pages that indeed received page protection with sim-
ilar pages that did not and quantify the causal effect of the
interventions on a well-established measure of article quality.
Our findings indicate that the effect of page protection on arti-
cle quality depends on the characteristics of the page prior to
the intervention: high-quality articles are affected positively,
as opposed to low-quality articles that are impacted nega-
tively. Subsequent analysis suggests that high-quality articles
degrade when left unprotected, whereas low-quality articles
improve. Overall, with our study, we outline page protections
on Wikipedia and inform best practices on whether and when
to protect an article.

1 Introduction

Wikipedia, one of the largest repositories of knowledge
on the Web, serves the diverse information needs of users
around the world (Lemmerich et al. 2019). From general
topics, such as science and history (Singer et al. 2017), to
events, such as pandemics (Ruprechter et al. 2021) and nat-
ural disasters (Lorini et al. 2020), the world turns to the
online encyclopedia for fast, reliable, and free information.
Wikipedia is made possible due to the work of volunteers
(Wikipedians) who create new articles and curate existing
content. At the core of Wikipedia’s philosophy is its open-
ness: “Anyone—including you—can become a Wikipedian
by boldly making changes when they find something that
can be added or improved (Wikipedia 2023b).”

Copyright © 2025, Association for the Advancement of Artificial
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(a) Time series of pageviews in 2022. (b) Aggregated.
Figure 1: Page protected articles correspond to a substantial
fraction of page views Wikipedia receives. In (a), we show
the daily number of views in 2022 that went towards: all En-
glish Wikipedia articles (blue), the 1,000 top-viewed articles
per day (dark green), and page protected articles in both of
these sets (dotted lines). From (b), we derive that, over the
whole year, approximately 15% of overall views and 56% of
views to the 1,000 top articles went to protected articles.

While most contributions to Wikipedia are constructive,
good-faith editors may find themselves embroiled in edit
wars about verbiage or conflicts about the validity of infor-
mation (Faulkner, Walling, and Pinchuk 2012; Sumi, Yasseri
et al. 2011); and malicious users might vandalize pages or
manipulate the tone of an article through sockpuppetry (Kit-
tur et al. 2007; Kumar et al. 2017), undermining the devel-
opment of content and the integrity of knowledge on Wiki-
pedia (Aragén and Sdez-Trumper 2021).

Regardless of users’ intent, when disruptive editing pat-
terns emerge, Wikipedia admins frequently intervene using
“page protection” to safeguard them against further dam-
age (Burke and Kraut 2008; Hill and Shaw 2015). This
mechanism restricts who can edit an article temporarily
(e.g., one week) or indefinitely and can be triggered by ad-
mins, either at their own will or when fulfilling user requests
to protect a page (Wikipedia 2022a). Although less than 1%
of pages in the English Wikipedia are protected at any given
time (Hill and Shaw 2015; Spezzano, Suyehira, and Gundala



2019), protected articles receive a disproportionate amount
of views (e.g., 15% of all views in 2022; see Fig. 1).

While page protections can effectively curb disruptive be-
havior, they are at odds with Wikipedia’s openness principle,
and thus, internal policies advocate using them scarcely (Wi-
kipedia 2023a). They can deter newcomers (Halfaker et al.
2013) or alter the composition of editors working on partic-
ular content (Shi et al. 2019). Further, the rationale for pro-
tection is not always apparent (Das, Lavoie, and Magdon-
Ismail 2016), leading some seasoned editors to regard them
as harmful (Wikipedia 2021).

Present work. Given that page protections may be either
harmful (preventing productive contributions) or beneficial
(preventing disruptive editing), we analyze their usage and
impact on the English Wikipedia. Specifically, we ask:

RQ1: How are page protections enacted on Wikipedia?
RQ2: What is the effect of protections on article quality?

For this, we first obtain 299 721 edit protections on the
English Wikipedia between October 2012 and March 2023
using a methodology introduced by Hill and Shaw (2015).
Second, we collect 127,098 user requests for page protec-
tion submitted during this period, along with their associated
articles. Third, we enhance article revisions with metadata,
such as article quality (Halfaker and Geiger 2020), which
enables us to create a time series of metrics for every article.

Using these diverse data sources, we first characterize the
usage of page protections on the English Wikipedia (RQ1).
We then conduct a quasi-experimental study (Herndn and
Robins 2016) to estimate the causal effect of page protec-
tions on article quality (RQ2). We match articles that were
protected after a user’s request for page protection to similar
articles with a declined request. Using a dynamic difference-
in-differences design, we then estimate the effect of protec-
tion on article quality, based on a well-established automated
quality metric that considers features about article structure
and text (Halfaker and Geiger 2020).

Findings. First, analyzing page-protected articles (RQ1),
we observe that protections are typically brief, often last-
ing for a week or less, with certain pages being repeatedly
protected over the course of several years. Edits generally
increase before the enforcement of protections and decrease
after the protection period concludes. Second, through our
difference-in-differences analysis, we discover that page
protections’ impact strongly depends on the article’s nature
in the pre-intervention period (RQ2). Page protections are
beneficial for high-quality articles, but detrimental to low-
quality ones. Subsequent analysis indicates that this could
be because protections safeguard high-quality content (po-
tentially by curbing vandalism) but prevent low-quality arti-
cles from improving (potentially by curbing contributions).
Furthermore, the effect varies across topics, with a more pro-
nounced effect in articles related to “Geography” and “His-
tory & Society,” a weaker effect in articles about “Culture,”
and no notable effect on “STEM” articles.

Implications. Our research offers valuable insights for edi-
tors and administrators of Wikimedia projects and other in-
terested researchers. Specifically, our findings indicate that

" Thor (Marvel Comics): Revision history

e (cur | prev) @ 10:54,5 June 2018 Editor "] (talk | contribs) m.. (101,750 bytes) (-110)
.. (Reverting possible vandalism by Editor to version by [BEditor Report False Positive?
Thanks, ClueBot NG. (3400810) (Bot)) (undo) (Tag: Rollback)

e (cur | prev) ® 10:51, 5 June 2018 [EditoRN (talk | contribs) m .. (101,750 bytes) (-99). .
(Reverted edits by Editor (talk): personal attack toward Editor (3.4.3)) (undo)
(Tags: Huggle, Rollback)

o (cur | prev) O 23:50, 3 June 2018 [REditORRN (talk | contribs) m.. (101,750 bytes) (-19)..
(Reverted edits by Editor (talk) (HG) (3.4.2)) (undo) (Tags: Huggle, Rollback)

A requesting user decides to request indefinite page protection due to the
overhead of constantly reverting disruptive behavior

'Thor (Marvel Comics)
o Thor (Marvel Comics) (edit | talk | history | links | watch | logs)
Indefinite semi-protection: Persistent vandalism - Persistent vandalism (IP addresses).
TR (talk) 11:38, 5 June 2018 (UTC) [reply |
+) Semi-protected for a period of 1 month, after which the page will be automatically

unprotected. - jumping straight to indefinite seems excessive, in another month the fuss over
Infinity War will have quietened down. (IZFIZZIN 12:40, 5 June 2018 (UTC) [ reply ]

An admin approves the request for semi-protection, but decides for temporary
instead of the requested indefinite protection

i= Thor (Marvel ComicCS) s s3languages v

Article  Talk Tools v Semi-protection is

made visible

a « through silver lock
J on article page

Figure 2: Example of a request that led to page protec-
tion. In June 2018, the article “Thor (Marvel Comics)” was
subject to disruptive editing because of increased attention,
which regular editors (grey) had to clean up through re-
verts. Consequently, a user (blue) requested indefinite semi-
protection to address the persistent vandalism by anonymous
editors. Upon review, an admin (dark green) ruled against
indefinite protection but still imposed a one-month semi-
protection, highlighted on the article page through the “sil-
verlock.” An admin could have also declined the request
(i.e., not protecting the page) or taken alternative actions
(e.g., blocking users). (Screenshots taken from Wikipedia’s
requests for page protection archive at https://w.wiki/7EKd.)

From Wikipedia, the free encyclopedia

the quality and topic of an article mediate the effect of
page protection on article quality, which could be explic-
itly considered when deciding whether to protect an article
or not. These findings can assist Wikipedia’s stakeholders
in making informed decisions and developing guidelines for
page protection, promoting the continued enhancement of
the largest encyclopedia on the Web.

2 Background: Page Protections

We now provide some background on page protection and
requests for page protection on the English Wikipedia.

Protection process. Wikipedia is intended to be kept as
open as possible (Wikipedia 2023a). Thus, admins are gen-
erally urged to enforce protection only when absolutely nec-
essary to prevent further damage. Preemptive protection is
generally not permitted (e.g., expected traffic due to cur-
rent events), although certain articles are treated with greater
caution (Wikipedia 2023a). However, in cases of disruptive
editing behavior by multiple editors, Wikipedia administra-
tors may be compelled to implement some form of edit pro-



Access to Protected Wikipedia Pages by User Type or Role

Unregistered/New

(Auto-)Confirmed Extended confirmed Template editor

Admin Interface admin

No protection
Pending changes
Semi

Extended confirmed
Template

Full

Interface

™x % X% X X DN
XX XX NN

RN
AN NN
AN NN
AR NN

X = Can not edit; v/ = Can edit; @ = Can edit, but changes are hidden from readers who are not logged in, until approved by a reviewer
(logged in readers see changes right away). Table adapted from Wikipedia:Protection_policy (https://w.wiki/7QUz).

Table 1: Page protection levels on the English Wikipedia. For the most common levels of edit protection, the editor’s account
age and number of edits determine whether they can make revisions to an article. In the case of semi-protection (extended
confirmed protection), editors must be confirmed (extended confirmed) by having an account for at least 4 (30) days and making
at least 10 (500) edits. Pending changes protection is a special kind of extension of the Wikimedia software. This protection
mode allows anyone to edit an article, but changes made by unregistered or unconfirmed editors must be approved by a pending
changes reviewer before they become visible to readers who are not logged in. Higher protection levels (i.e., template, full, or
interface) can only be bypassed by high-privilege user roles (template editor, admin, or interface admin).

tection.! The most commonly enforced protection is semi-
protection, which requires an editor to have an account for
at least four days and to have made at least ten edits. Stricter
levels of protection exist, such as full protection, which only
allows admins to edit content.

The level of protection enforced for an article depends on
several factors, including the severity of the disruptive be-
havior, previous controversies, and past protections. Table 1
illustrates the six protection levels in the English Wikipedia
as of September 2023. Admins enforce protection for either
a temporary period, after which the article will be automati-
cally unprotected, or for an indefinite period, which requires
manual removal of the protection. Additionally, admins can
adjust the protection levels during active protection.

Requests for page protection. While admins can enforce
page protections independently, users can also submit re-
quests for page protection (RfPP). When an RfPP is sub-
mitted through the request form, it automatically creates an
entry on the RfPP overview page, which admins then re-
view (Wikipedia 2022a). After review, admins make judg-
ments through responses elicited by coded templates, such
as Declined, Semi-protected or Fully protected (i.e., the re-
quest has been approved), User(s) blocked, Already pro-
tected, and others (for a full list, see https://w.wiki/60Rr).
A single RfPP can have multiple responses from the same
or different admins. For example, admins often seek addi-
tional comments and clarification from the requesting user
or change their response within minutes of the initial deci-
sion. Once the admin’s decision resolves the request, Wiki-
pedia archives the RfPP on pages that are structurally similar
to article talk pages (Wikipedia 2022b; Viégas et al. 2007).
Fig. 2 illustrates this procedure for an accepted RfPP. In
this case, the article “Thor (Marvel Comics)” experienced
vandalism from multiple anonymous editors, resulting in a
user submitting an RfPP. Although the admin rejected the
request for indefinite semi-protection, they decided to im-
pose a temporary one-month semi-protection instead. Af-

'While other protections exist (e.g., move or create protection),
we focus on edit protection.
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terward, the “silverlock” signaling semi-protection appeared
on the article page for “Thor (Marvel Comics)”.

Protection in other languages. We focus on the English
Wikipedia. While page protections and RfPP exist in other
language editions, differences occur (Johnson and Lescak
2022). For example, in German, only four protection types
exist (instead of six in English), and users do not request
protection but instead report user misconduct (see https://w.
wiki/7Rqj), making it difficult to compare language editions.

3 Related Work

Wikipedia content policing. Wikipedia uses a variety of
policies and moderation tools to ensure productive user
collaboration. First, admins can permanently block users
for severe or repeated offenses (Das, Lavoie, and Magdon-
Ismail 2016). Second, edit filters are mechanisms that de-
tect whether contributions to a Wikipedia page violate cer-
tain criteria, such as whether they contain swear words or
only use uppercase letters (Vaseva and Miiller-Birn 2020).
Depending on their configuration, the user will receive a
warning, the edit summary of the revision will be flagged in
the article revision, or the revision will be denied altogether.
Third, many language versions use bots to automatically po-
lice content (Zheng et al. 2019). For example, ClueBotNG—
one of the most notable bots in the English Wikipedia—
automatically reverts vandalism (Wikipedia 2010). Certain
tools (such as bots), as well as researchers, use the ma-
chine learning framework ORES to evaluate Wikipedia con-
tent and editor activity (Halfaker and Geiger 2020). ORES
provides endpoints for several machine learning models that
can be used to predict both article characteristics (e.g., topic
or quality) and edit characteristics (e.g., whether it is damag-
ing or made in good faith). In general, while admins attempt
to sanction rogue users and vandalism swiftly, controversies
can arise from valid changes, and their reversal can lead to
edit wars (Yasseri and Kertész 2013).

Effects of page protections on Wikipedia. Early Wikipedia
studies theorized rising page protections as a possible indi-
cation of increasing administrative action (Suh et al. 2009).



Furthermore, page protection can present additional obsta-
cles for newcomers who already have difficulty integrating
into the editorial community (Halfaker et al. 2013). Hill and
Shaw (2015) describe the relevance of page protections and
propose an approach to collect accurate accounts of pro-
tection “spells” for the English Wikipedia. They find that
while only about 0.67% of articles on the English Wikipedia
were protected in December 2013, these articles accounted
for about 14.3% of all views on the online encyclopedia.
Most relevant to our work, a recent study (Ajmani, Vincent,
and Chancellor 2023) used a combination of qualitative and
quantitative methods to assess the impact of protections in a
single article category (“Internet Culture”). For these spe-
cific articles, protections lead to high editor turnover and
requests can be categorized by editor activity, article topic,
and article visibility. Overall, the literature to date has pro-
posed data collection approaches and conducted parsimo-
nious analyses of the impact of page protections on editors.

Predicting page protections. The process of manually en-
forcing page protection is tedious for both requesting users
and admins. Thus, Spezzano, Suyehira, and Gundala (2019)
built a machine learning classifier to predict whether a page
will (or should) be protected. Their classifiers suggest that
the most important features for classifying articles as wor-
thy of protection are the rapidity of contributions (mean time
between revisions), anonymous edits, and article topic.

Protection as a proxy of managerial authority. DeDeo
(2016) leverages page protections as an example of top-
down authority, which is driven by reverts. His analysis (62
articles) suggests that both the start and end of protections
rarely have lasting effects on long-term activity. Similarly,
Klapper and Reitzig (2018) view page protection as enforce-
ment of lateral authority and find that affected editors de-
crease their activity on talk pages of protected articles but
increase their activity elsewhere.

Restrictions in other Web platforms. Other community-
driven websites employ mechanisms comparable to page
protections. On the discussion platform Reddit, admins pos-
sess the ability to restrict (i.e., only selected users can cre-
ate new posts), quarantine (i.e., hide on Reddit’s search
and front page), or completely ban sub-forums. This has
been associated with a decline in activity and migration of
users to alternative platforms (Horta Ribeiro et al. 2021;
Chandrasekharan et al. 2017). In contrast, automated con-
tent moderation on Facebook has been shown to promote
adherence to rules without decreasing commenting activ-
ity (Horta Ribeiro, Cheng, and West 2022).

Contributions of our work. We extend these previous
works by (i) providing code to retrieve and parse page pro-
tection requests that can be linked to the page protection da-
taset by Hill and Shaw (2015) alongside ORES scoring of
revisions, (ii) describing the characteristics of page protec-
tions and requests from January 2012 to March 2023, and
(iii) conducting a quasi-experimental study to provide the
first analysis of how page protections affect article quality.
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Figure 3: Edit protections on the English Wikipedia. We
show the duration of 196,240 temporary article protections
between January 2012 and March 2023. Most protections
are enforced for a week, but three-day, two-week, one-
month, and three-month protections also occur regularly.

Requests for PP by Year and Admin Decision (127,098 Requests)
10000

5000 -

Requests

o
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Protected B Declined B Block EE Existing I Other

Figure 4: Requests by year and decision. Admins en-
force protection in response to most requests (65.7%), while
20.2% are declined, 6.4% lead to user interventions (e.g.,
blocking), 6.3% are already protected, and 1.3% contain
other responses (e.g., withdrawal of the RfPP).

4 Dataset

We now discuss the dataset and its preprocessing while also
characterizing page protections. Our dagt are based on the
openly available Wikipedia dumps, and all the resources
(data, descriptive statistics, and code) required to reproduce
the analyses in this paper are made openly available.> To
avoid misuse of the dataset in terms of user anonymity, we
do not publish any parsed usernames.

Page protection spells. We process page protection spells
similarly to Hill and Shaw (2015). This approach only in-
cludes protections with at least the level of semi-protection
and leaves out pending changes protections. We obtain
488,772 protection spells starting after December 31* 2011,
and for this work, only consider edit protections (299,721),
dropping page move or creation protections. Of these
299,721 spells, 215,746 regard article pages (“namespace
07), while the remainder concern other pages, such as im-
ages or talk pages. We further remove spells for articles that
were moved (i.e., name changes) during a spell (total of

*https://zenodo.org/records/13349480



2,502 protections). Of the remaining spells, 17,004 protec-
tions are active as of March 2023, with a median protection
time of 1,003 days and 932 spells being upheld for less than
32 days. We exclude these indefinite protections in our final
dataset of 196,240 protections (Fig. 3; Table 2).

These 196,240 spells were applied to a total of 104,305
unique pages—with the articles about Basketball player De-
Marcus Cousins and the country Turkey being the most fre-
quently protected (30 and 29 spells, resp.).” Meanwhile,
67,131 articles were only protected once. Overall, this sig-
nals a frequent rotation of temporary protections while cer-
tain articles have longer, indefinite protection. This aligns
with Wikipedia guidelines, as they consider long or indefi-
nite protections of pages harmful and state that such protec-
tions should only be applied where warranted (e.g., the main
page) or in case of persisting disruptive behavior even after
temporal protections expire (Wikipedia 2021, 2023a).

Page protection requests. We parse 163,227 requests
for page protection (RfPP) from the English Wikipedia
archives (Wikipedia 2022b) from October 2012 until March
2023. As the archives are structured similarly to Wikipe-
dia talk pages, we adopt and extend existing code from
MWChatter* and mwparserfromhell® to parse their wiki-
text (i.e., Wikipedia’s “source code”). We discard requests
(1) with malformed wikitext or article names, without a valid
timestamp for the users’ initial request, or without a final
decision by an admin (3.7% of archived requests); (2) for
pages not in the article namespace (21,520); (3) from ac-
tions other than editing (6,815); and (4) for pending changes
protection (7,794). We then select the latest admin response
to the resulting 127,098 valid RfPPs and group them into
five groups (Table 2; Fig. 4): protected (83,487), declined
(25,718), declined but carried out an intervention affecting
certain users (e.g., user block or referral to the edit-warring
noticeboard; 8,169), protection existing (8,096), or others
(e.g., withdrawal of request; 1,628).

Merging requests and first protections. To exclude con-
founders that might arise due to multiple protections such as
previous history of disruptive editing, we only include the
first semi-protections of articles (94,298 spells) in our anal-
ysis of the effect of page protections on quality. We thus
merge first protection spells that started after the implemen-
tation of the RfPP form in October 2012 (88,239 spells) with
accepted requests for page protections. We find requests for
34,401 spells (39% of first protections), suggesting that most
first protections are actually enforced by admins rather than
requested by users. While we are unable to match around
4% of accepted RfPP to spells, and we previously noted that
we could not parse around 3% of the original RfPPs from
the archives, this still represents a considerable amount of
non-requested page protections.

Article metadata. We utilize the Mediawiki history da-
taset (Wikimedia Foundation 2023) as well as the ORES
API (Halfaker and Geiger 2020) to collect metadata for our
articles. We use the dumps to gather revision data such as

3D. Cousins: https://w.wiki/3ovx, Turkey: https://w.wiki/3hLW
*https://github.com/mediawiki-utilities/python-mwchatter
>https://github.com/earwig/mwparserfromhell
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Edit Temporary Matched

Protections (Ended) Study

Obs. period 0172012 -03/2023  01/2013 — 12/2022

Count 196,240 102,156

Requests for Parsed Matched

Page Protection from Archives Study

Obs. period 08/2012 - 03/2023  01/2013 — 12/2022

Count 127,098 48,308
% Accepted 65.69 50.00
% Declined 20.23 50.00
% Others 14.08 00.00

Table 2: Datasets. We provide an outline of the full dataset
as well as the matched dataset for our quasi-experimental
study. Due to matching with replacement, declined RfPPs
may occur multiple times in the matched dataset.

Listing 1: Example of quality prediction and score. We
show an excerpt of the JSON generated by an API call to
the ORES articlequality model for the April 2024 revision
of the Wikipedia article “Association for the Advancement
of Artificial Intelligence” (https://w.wiki/9sBDm). Based on
the weighted sum of probabilities for all quality levels (Hal-
faker 2017), this article revision has a quality score of 1.438
(=0.027-04-0.634-1+0.233-2+0.089-3+4-0.011-4+4-0.005-5).

1 r"score": {
2 "prediction": "Start",
3 "probability": {
4 "Stub": 0.027, "Start": 0.634, "C": 0.233,
g "B": 0.089, "GA": 0.011, "FA": 0.005,
}
7 3,
8 "features": {
9 "feature.wikitext.revision.chars": 4815.0,
10
11 "feature.len(<datasource.english.idioms>)": 0.0
12

edit counts and article length and ORES to predict article
quality and topic.

Article topic. We collect the predicted top-level topic labels
based on ORES’ articletopic taxonomy (Culture, STEM,
History and Society, and Geography).® We only assign a
topic to a revision if ORES predicts a likelihood for the topic
> 0.5 for the majority of five revisions made before the re-
quest or start of protection, and drop all articles without a
topic. Note that an article can have multiple top-level topics.

Article quality. For article quality, we use ORES’ article-
quality model, which predicts quality from structural fea-
tures of articles (e.g., number of sections and references or
article length). This quality assessment provided by ORES is
a machine learning classifier that (i) was developed by (past)
members of the Wikimedia Research Team, (ii) was trained
and evaluated on Wikipedia data, (iii) was manually evalu-
ated by editors and tool developers, (iv) can readily be com-
puted for large datasets as a transparent metric through an
API, (v) and in practice correlates with other interpretations
of quality, such as writing or factual accuracy (MediaWiki
2023; Halfaker and Geiger 2020).

SORES Articletopic endpoint (https://w.wiki/7Rrd)
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Figure 5: Edits around page protection key events. We ob-
serve that both for RfPP (a) as well as enforced protections
(b), spikes in activity are dampened by the corresponding
event, and edits revert to levels prior to the intervention.

The ORES articlequality endpoint predicts a label based
on the probability assigned to one of six quality classes
present in the English Wikipedia: Stub, Start, C-, B-, Good,
and Featured Articles (in ascending order). As research has
demonstrated that categorical prediction of quality may be
prone to mislabeling (Warncke-Wang, Cosley, and Riedl
2013) and a continuous quality metric allows for more pre-
cise assessment, we follow the approach by Halfaker (2017)
to combine predictions made by ORES into a continuous
quality score between 0 and 5. For this, we multiply the enu-
meration of all ordered quality classes (Stub = 0 to Featured
Article = 5) by the corresponding prediction probability for
each class and sum these scores. Listing 1 exemplifies the
output of the ORES quality prediction API as well as the
calculation of our weighted quality metric.

Editing patterns by admin decision and protection type.
We analyze editing activity by notable admin decisions for
first protections around the RfPP and the start of protec-
tion (Fig. 5). In particular, Fig. 5a suggests that RfPPs are
preceded by edit spikes, followed by a decrease immediately
after the request, regardless of an admin’s decision. As the
submitted RfPP notifies an administrator, they might deny
protection but intervene in other ways, e.g., warning users
and reverting individual conflicting revisions. Furthermore,
the increased activity might fade away as users could natu-
rally decrease their editing or lose interest in a topic. Sec-
ond, there appear to be lower activity levels in articles that
are protected without a prior RfPP compared to protections
of articles with an RfPP (Fig. 5b). Therefore, RfPPs seem
to generally affect editor activity irrespective of an admin’s
page protection decision.

5 Methods

We create a quasi-experimental study (see Herndn and
Robins (2016)) that simulates the page protection process as
the following randomized experiment: when admins receive
an RfPP, they flip a coin and accept the RfPP if it lands on
“heads” or reject the RfPP if it lands on “tails.” Then, in the
13-week period following the decision, they track the arti-
cle quality of protected and non-protected pages to deter-
mine the effect of protection on quality. Note that this exper-
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Figure 6: Unmatched and matched mean article quality.
We note differences in trends in the unmatched data before
the request for page protection (RfPP), which are not evident
in the matched data, indicating good quality of the match.

iment is not practically feasible, as RfPPs are not accepted
or declined “at random.” Therefore, we describe how we ap-
proximate this experiment using matching and difference-
in-differences regression.

Data. We select the observational period from January
2013 until December 2022, as the English Wikipedia imple-
mented RfPP in late 2012, and the processed dumps extend
until March 2023. We analyze articles that were not previ-
ously protected and disregard RfPP of articles that were pro-
tected or received another RfPP within 90 days to minimize
potential confounding effects from prior protection phases
or special administrative oversight. Additionally, we exclude
first protections longer than 91 days. Our experiment’s pre-
treatment period spanned four weeks before up until the ac-
tual request, and we cover 13 weeks (91 days) in the follow-
up period after the RfPP, where we consider an article to
be consistently treated. Early investigations suggested that
the end of protection does not result in significant changes
in activity or article quality trends (Appendix, Fig. 12). We
consider the RfPP as the time of treatment, as administrators
can initiate clean-up activities immediately after a protection
request is submitted, even before protection is formally ap-
plied. Nonetheless, protections are generally enforced close
to the RfPP (median = 117 minutes, mean = 282.23 min-
utes, SD = 478.32 minutes). Finally, we consider the last
recorded quality per article and week as the target variable.

Matching. The data described above allows us to com-
pare articles that had their protection requests approved with
those that had not. However, a simple comparison may be
problematic, as unlike in our hypothetical randomized ex-
periment, in reality page protections are not assigned ran-
domly. On the contrary, there may be confounders that can
influence both the assignment of treatment and outcome. To
account for these, we use the pre-treatment period to match
protected (“treated”) to non-protected articles (“control”)
using the following features measured before the RfPP:

e Activity. Edits 1 hour, 24 hours, and 1 week before
(log(x + 1)).
* Controversy. Number of reverts (i.e., reversal of previous

edits) 1 hour, 24 hours, and 1 week before (log(z + 1)), as
a proxy of conflict (Sumi, Yasseri et al. 2011).

* Article length. Maximum article length in bytes (log).
 Article age. Overall number of edits to the article (log).

* Quality. Maximum article quality 1, 8, and 21 days before
the intervention. We do not use finer-grained measures as
potential content fluctuations might obscure actual quality.



* Topic. Top-level topics (History and Society, STEM, Cul-
ture, Geography). An article can have more than one topic.

We employ propensity score matching (Hill and Reiter
2006) but require exact matching on article topic(s) and use
caliper matching for quality (caliper = 0.25, one-quarter of
a quality level) as well as the propensity score (one stan-
dard deviation). After matching, absolute standardized mean
differences (Stuart et al. 2011) for all covariates are below
0.1 (Appendix, Fig. 13). This approach produces 24,154
matched control-treatment pairs after discarding 1,401 re-
jected (control) and 1,463 accepted (treatment) RfPPs for
which we did not find matches (Tab. 2). We plot the mean
article quality for matched and unmatched articles in Fig. 6.

Difference-in-differences model. Comparing outcomes be-
tween treatment and control groups could uncover the ef-
fect of page protections, provided that the matching vari-
ables control for all causal paths between treatment and
outcome (Pearl 2009; Appendix). Nonetheless, we use a
difference-in-differences approach to make our results more
robust. We compare treated (protected) with control articles
(not protected) under the parallel trends assumption, i.e., that
in the absence of treatment, the difference between the treat-
ment and control group remains constant over time. Intu-
itively, this method creates a counterfactual estimate of how
the treatment group would have progressed without treat-
ment and compares it to the observed change in the outcome.
The difference-in-differences approach enables us to esti-
mate the causal impact of the protection on the article qual-
ity using a simple linear model. We consider a panel of
a =1,..., N units for ¢ € T relative periods and estimate
coefficients d; using a fixed effect regression of the form

Yo =a,+ Z 0¢Dy + €ayt,
teT

ey

where Y, ; is the outcome associated with article a at time ¢,
«,, are unit fixed effects, and D; are indicator variables for
unit a being ¢ periods before or after treatment. We measure
the effect of treatment on outcome in time ¢ via §; and use the
R package fixest for computation (Bergé 2018). Due to our
matching, we assume that the parallel trends condition holds
before the intervention, and we attempt to prevent anticipa-
tion for the treatment (protection) by setting our treatment
to the time of the RfPP instead of the protection start. We do
not account for time-fixed effects as we consider the relative
date of the request for page protection.

6 Results

We now present the measured effects of protection on qual-
ity. Note that we report results for z-score normalized values
of our target variable (i.e., quality), meaning that an increase
of 0.1 equals an increase by 10% of the standard deviation.

Short-term decrease, long-term recovery. In Fig. 7a, we
visualize weekly effects for all protections lasting < 7 days
(8,949 pairs), 7 days (8,401 pairs), and > 7 days (6,804
pairs). We observe that for protections lasting 7 or > 7 days,
quality shows a minor but significant decrease in the week
after the request (—0.017 and —0.018, p < 0.05, resp.),
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Figure 7: Difference in article quality after protection. We
use difference-in-differences models to analyze effects on
the matched dataset and in (a) find small differences in qual-
ity between articles with declined and accepted requests. In
(b) and (c), we fit the same model on low-quality and high-
quality articles, and detect heterogeneous effects.

while protections of less than 7 days observe no signifi-
cant changes (—0.006, p > 0.05). In the weeks thereafter,
as quality recovers to pre-request baselines around week 6,
articles subject to protections for 7 days or longer even sig-
nificantly raise their quality until week 12 (0.016 and 0.02,
p < 0.05, resp.). Overall, we conclude that page protections
in the short term seem to reduce quality, but in the long term,
to increase quality. However, although reported effects are
significant, the overall effect size is small (e.g., an increase
of around 2% of the standard deviation in week 12).

Low-quality articles suffer, high-quality articles im-
prove. We now categorize articles into low quality (lowest
quartile, quality < 1.71; Fig. 7b) and high quality (high-
est quartile, quality > 2.94; Fig. 7c). Low-quality articles
experience slight but significant decreases right after protec-
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Figure 8: Effect of page protection by topic. Low-quality
articles show a decrease right after protection (week 0) and
mostly do not improve in the long term (week 12), while
high-quality articles generally improve. Notably, STEM is
an exception in both subsets, as it remains relatively stable.

tion (e.g., —0.043, p < 0.05 for 7-day protections). By week
12, the levels recover to baseline for most, except for those
with less than 7 protection days, which sustain a level of
quality similar to the one observed during the initial decline
(—0.045, p < 0.05 in week 12). For high-quality articles, we
found no significant changes in the week after the protection
(p > 0.05 for all durations). Instead, these articles slightly
improve their long-term quality (e.g., 7-day protections in
week 12, 0.058, p > 0.05).

Differential effects for topics. Topics strongly shape at-
tention and content on Wikipedia (Kobayashi et al. 2021;
Singer et al. 2017). Therefore, we combine all protection du-
rations and investigate effects for Culture, Geography, His-
tory & Society, and STEM for all articles as well as only
low-quality and high-quality articles (Fig. 8). We find mostly
homogeneous effects for topics in low-quality articles right
after protection, with small decreases and a more negative
effect in the long term (e.g., Geography —0.048 for week 0,
—0.062 for week 12). For various topics in high-quality arti-
cles, we observe improved quality over time, with most top-
ics showing a gradual increase in quality (e.g., History and
Society, 0.061,p > 0.05 for week 12). Notably, effects are
not significant for STEM articles (p > 0.05).

Article length, other factors also influence quality. Next,
we examine an important component of article quality:
length. Similar to our previous approach, we categorize ar-
ticles into quartiles according to pre-RfPP length (log), di-
viding them into shorter (lowest quartile, < 9.96) and longer
articles (highest quartile, > 10.34), and employ our previous
model with length as the target variable (log scale, z-score
standardization; Appendix, Fig. 15). Overall, the results are
similar to what we found for quality. Articles that were
already long prior to protection became even lengthier by
week 12 (0.07, p < 0.05; Fig. 15), relatively to shorter ones.

However, we find that length does not fully explain the
increased quality we observe. For all 26 article features em-
ployed by ORES’ articlequality model, such as the num-
ber of sections, links, and references (MediaWiki 2023;
Halfaker and Geiger 2020), we perform a variation of our
difference-in-difference analysis, comparing week -1 with
week 0 and week 12, respectively (features are log-scale, z-
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Figure 9: Effects of individual features on quality. Qual-
ity decreases and increases are driven by several factors in-
cluded in the ORES model. For example, long-term com-
parison (week 12; right) to unprotected articles suggests that
protected low-quality articles observe a decrease in “cita-
tion needed” templates and references, while protected high-
quality articles increase their length and number of structural
features, such as citations and links.

score standardized). We find that our overall quality is also
driven by other features such as the number of references
and links (Fig. 9). For example, after protection, low-quality
articles contain more “citation needed” templates and have
fewer references (week 0, p > 0.05). On the contrary, in
the weeks following protection, high-quality articles sig-
nificantly increase the number of headings, references, and
links, among other things (week 12, p < 0.05).

Robustness of the analyses. We varied our matching con-
figuration and difference-in-differences model to ensure ro-
bustness. First, we placed narrower (0.1) and wider (0.5)
calipers on the quality prior to the request. Next, we per-
formed exact matching on the year and month of the re-
quest. Additionally, we fit a daily version of the model along
with the weekly one. We did not observe any considerable
changes to our main findings in any of the variations.
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Figure 10: Article quality in low- and high-quality arti-
cles by protection status. Right after their request for page
protection (RfPP), protected low-quality articles display a
slightly greater improvement in mean article quality com-
pared to their unprotected counterparts (right), while unpro-
tected high-quality articles undergo a decline in quality after
the RfPP and protected ones maintain their quality (left).

7 Discussion

We now discuss our findings and their implications, limita-
tions, and highlight future avenues for research.

Low- and high-quality articles differ in effects. We find
that page protections have a positive effect on high-quality
articles but a negative effect on low-quality ones. To bet-
ter understand the mechanism driving this differential ef-
fect, we further analyze the mean article quality in our
matched dataset, splitting by quality level and protection sta-
tus (Fig. 10). This reveals an important observation: pro-
tected high-quality articles display resilience in maintain-
ing their quality levels after the intervention, while non-
protected high-quality articles exhibit a consistent decline
in quality. Conversely, trends for low-quality articles indi-
cate that unprotected articles experience a bigger increase in
quality after protection, compared to protected articles.
These patterns could be due to low-quality articles hav-
ing greater potential for improvement when unprotected, as
even small changes can be valuable to the content. In that
context, page protection reduces these articles’ already lim-
ited chance of improvement, as on Wikipedia, a vast mass of
articles are competing for attention at any time (Ribeiro et al.
2021). Furthermore, possible vandalism reverts or misinfor-
mation corrections by experienced editors or admins after
protection could result in collateral damage due to excessive
content removal. This issue may affect shorter, low-quality
articles more heavily than longer, high-quality ones. While
high-quality articles can usually withstand the removal of a
sentence or two, shorter ones may be disproportionately im-
pacted. In contrast, protected high-quality articles fare better
than their unprotected counterparts, as without protection,
new contributions may be of lower quality (e.g., fewer refer-
ences) or vandalize the text. For these better articles, protec-
tion can even be viewed as a structured approach for quality
improvement (Warncke-Wang et al. 2015), which, for exam-
ple, is triggered when articles compete for promotion to the
featured article of the day.’
Not all topics are volatile. The development of protected
articles relating to History and Society, Culture, or Geogra-
phy also exhibits this differential effect. Across these top-
ics, protections appear to have a detrimental impact on low-

"Wikipedia:Today’s featured article: https://w.wiki/STW$
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quality articles, but a positive effect on high-quality arti-
cles. In contrast, STEM articles seem less prone to quality
changes. This could be attributed to the fact that STEM ar-
ticles usually comprise more universal truths based on the
nature of their subject matter, resulting in more consistent
content. Conversely, topics such as “Culture” or “History &
Society” frequently involve articles about subjects suscepti-
ble to change and controversy, such as biographies of living
persons and articles about wars or conflicts. These findings
complement past work by Yasseri and Kertész (2013), which
suggests that edit wars are more common in articles related
to religion, politics, and geography.

Information quality and ORES article quality. Informa-
tion quality is a difficult-to-assess metric. This is especially
relevant for Wikipedia, considering its millions of articles
across many language editions (Moas and Lopes 2023).
Therefore, as elaborated in our methodology, we employ
predictions made by the well-established ORES articlequal-
ity endpoint (Halfaker and Geiger 2020)—which predicts
quality based on structural features of article texts—to inter-
polate our quality metric (Halfaker 2017; Listing 1). While
this quality assessment does not directly assess knowledge
integrity (Aragén and Sdez-Trumper 2021), factual correct-
ness, or writing quality, the basic structural article features
considered for ORES’ quality prediction are nonetheless as-
sociated with these more advanced article characteristics.
For example, ORES takes into account references, citations,
and templates (Piccardi et al. 2020; Redi et al. 2019), which
serve as proxies of other notions of information quality.

Ramifications for editors. Besides directly affecting con-
tent, page protection’s administrative barriers can hamper
the growth of Wikipedia by discouraging editors, as previous
work has shown that a similar negative impact on engage-
ment occurs when edits by new users are reverted (Halfaker
et al. 2013). This is not typically a concern for high-quality
articles, as they often cover popular subjects or receive fre-
quent surges in attention that draw new users and content.
However, it may pose a serious problem for niche topics that
receive little contribution. Although past research has sug-
gested that protection does not necessarily drive away ed-
itors (Ajmani, Vincent, and Chancellor 2023; Klapper and
Reitzig 2018), its effects may vary between novice and ex-
perienced users, analogous to the variations observed in low-
and high-quality articles. Further examining the effect of
protections on editors is a promising avenue for future work.

Admin decisions and their motivation. Wikipedia admins
act as judges in the case of article protection. As studies have
shown the influence of biases and ideology on the decisions
made by judges in a court of law (Harris and Sen 2019),
such factors may also affect the actions of Wikipedia ad-
mins (Das, Lavoie, and Magdon-Ismail 2016) and therefore
merit further investigation.

Moreover, in “Characterizing Page Protections”, we were
only able to find RfPPs for less than half of our edit protec-
tions. This observation is significant, as it suggests reduced
community participation in the protection process and fre-
quent admin decision-making without editor input. Protec-
tion of articles without a previous RfPPs could result from



spillover activity (Zhu, Walker, and Muchnik 2020) from
other protected articles, for which a RfPP may or may not
have been submitted. Alternatively, administrators may pro-
tect these articles based solely on their own judgments (Das,
Lavoie, and Magdon-Ismail 2016), because of expanded au-
thority in case of community sanctions, or after being noti-
fied of conflicts through “watching” or “patrolling” articles.
In combination with the findings of this study, future work
should aim at uncovering these particular protections.

Practical implications. Our research has practical implica-
tions for page protection guidelines on Wikipedia. In ad-
dition to the existing policies (Wikipedia 2023a), admins
should consider an article’s characteristics before decid-
ing on protection. The findings of our study indicate that
protecting high-quality articles carries minimal risk. How-
ever, greater caution seems necessary when protecting low-
quality articles, particularly on specific topics.

Limitations. We utilize the well-established ORES article
quality predictor as our primary source of quality measure-
ment and establish robustness by extending our experiments
to article length, which has been shown to strongly corre-
late with the general measurement of information quality on
Wikipedia (Blumenstock 2008). To further supplement this,
future research could conduct interviews of casual readers
and experienced Wikipedians to qualitatively investigate the
differences between protected and unprotected content.

Furthermore, our scope is limited to the English Wiki-
pedia. While protection levels, RfPP archives, quality lev-
els, and their predictors vary across language, our exper-
iments, code, and data can still provide a framework and
serve as a baseline for the analyses of other Wikipedia ver-
sions. As community dynamics and policies vary across lan-
guages (e.g., the Portuguese Wikipedia prohibits anonymous
edits entirely), the effects of page protection on article qual-
ity could also differ (Johnson and Lescak 2022).

8 Conclusion

Page protection is a core policy of Wikipedia, enforced by
administrators to prevent content from harm by limiting con-
tributions. Although this mechanism protects the online en-
cyclopedia from “evil,” such as vandalism, it can also pre-
vent “good” by hindering article development. In this work,
we aim to assess how page protections on the English Wiki-
pedia affect article quality, as measured by structural fea-
tures of articles. We characterize protections and user re-
quests for protection for over a decade of data and pro-
vide, to the best of our knowledge, the first quantitative as-
sessment of the effect of page protection on quality. Using
a quasi-experimental study, we find differential effects: As
high-quality articles benefit, low-quality ones may dimin-
ish in quality following protection. Furthermore, effects vary
across different topics. These findings indicate that protect-
ing high-quality articles may present a low risk, but pro-
tecting low-quality articles on certain topics requires cau-
tion. Overall, our findings shed light on one of Wikipedia’s

8See WP:General_sanctions (https://w.wiki/AjAh), WP:Watch
(https://w.wiki/4W33), and WP:Patrol (https://w.wiki/7kDy).
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most important content moderation tools and inform im-
provements to administrative processes on the Web.
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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 disre-
spect to societies or cultures? Yes, as Wikipedia is a
public good that largely profits the general public.

Do your main claims in the abstract and 2 accurately
reflect the paper’s contributions and scope? Yes.

Do you clarify how the proposed methodologi-
cal approach is appropriate for the claims made?
Yes, see Characterizing Page Protections and Quasi-
Experimental Setup.

Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, see
Characterizing Page Protections.

Did you describe the limitations of your work? Yes,
see Discussion.

Did you discuss any potential negative societal im-
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edge about Wikipedia in our case has no foreseeable
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Did you discuss any potential misuse of your work?
We discussed potential misuse of usernames in Char-
acterizing Page Protections, which is why we do not
publish any user information.

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-
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ing Page Protections.
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Did you clearly state the assumptions underlying all
theoretical results? Yes, we discussed the potential
positive and negative effects of page protection, e.g.,
in the Introduction.

Have you provided justifications for all theoretical re-
sults? Yes, e.g., in Quasi-Experimental Setup.

Did you discuss competing hypotheses or theories
that might challenge or complement your theoreti-
cal results? Yes, see Introduction, Quasi-Experimental
Setup, and Discussion.

Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? Yes, see Discussion.

Did you address potential biases or limitations in your
theoretical framework? Yes, see Discussion and Limi-
tations.

Have you related your theoretical results to the existing
literature in social science? Yes, at least the literature
regarding Wikipedia.
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results for policy, practice, or further research in the
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3. Additionally, if you are including theoretical proofs...

()
(b)

Did you state the full set of assumptions of all theoret-
ical results? NA

Did you include complete proofs of all theoretical re-
sults? NA

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

()

(b)

©

(d)

O]

®
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dom seed after running experiments multiple times)?
Yes.
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type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? We do not run any machine
learning experiments besides simple linear regression
that can be run on any state-of-the-art CPU.

Do you justify how the proposed evaluation is suf-
ficient and appropriate to the claims made? Yes, we
clearly lay out the limitations of our experiment and
how we aim to address our confounders.

Do you discuss what is “the cost” of misclassifica-
tion and fault (in)tolerance? Yes, in our case with a
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our differences-in-differences setup.
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tained from people whose data you’re using/curating?
We do not gather any personal data about individuals.
Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? We exclude usernames from our data.
Revisions containing offensive content are deleted
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If you are curating or releasing new datasets, did
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dia datasets.
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Page Protection Spells (First Protections, No Indefinite Protections)
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Figure 11: First edit protections on the English Wikipe-
dia. Duration distribution of only the 94,298 first article pro-
tections does not differ considerably from our full dataset
(Fig. 3). Most protections are enforced for one week, but
three-day, two-week, one-month, and three-month protec-
tions also occur regularly.

Data

Missing data. We retrieve RfPPs starting from October
2012. However, due to an error in Wikipedia’s archiving,
October 2013 is missing from the archives and our dataset.

First protections. We show statistics about first protections
in Fig. 11 (48% of all protections). Protection duration does
not vary considerably between first and all protections.

Editing activity after protection ends. We illustrate edits
prior to and following protection in Fig. 12 and observe that
lifting page protection does not considerably increase edits.
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Figure 12: Page protections by duration. We find that edit-
ing patterns suggest no substantial decreases after the end of
protections compared to baseline activity prior to the spikes
that precede protection, regardless of protection duration.

Methods

More on treatment and control groups. We compare arti-
cles with an accepted protection request to those that were
declined protection (Section “Quasi-experimental study”).
We accept that the act of requesting article protection (even
in the case of a declined request) can already be considered a
treatment, as it possibly attracts the attention of admins and
other experienced editors, who may perform minor janitorial
actions on the page (e.g., selected reverts). Note that we thus
do not have a “true control” in our experiment, but instead
use a “quasi control” in the form of declined RfPPs. The
comparison of a treatment of interest (i.e., protection) with
other “baseline treatments” (i.e., declined RfPPs) is consid-
ered valid in designs where there is no true randomized con-
trol group (Herndn and Robins 2016). As in our case, activity
patterns on non-contentious articles may not be comparable
to the increased attention that pages subject to a RfPP re-
ceive and might introduce additional confounders.

Dataset balance. To assess the quality of our matches, we
compute the absolute standardized mean differences for our
full as well as our matched dataset (Stuart et al. 2011). We
find that matching improved the covariate balance in our da-
taset, as absolute standardized mean differences for all co-
variates are below 0.1 for the matched dataset (Fig. 13).

Results

We perform multiple sensitivity analyses for our findings.
Article length. We categorize articles into quartiles accord-
ing to pre-RfPP length (log), dividing them into shorter
(lowest quartile, < 9.96) and longer articles (highest quar-
tile, > 10.34). We then fit our model with article length as
the target variable (log scale, z-score standardization) and
find similar trends as for quality, as articles that were al-
ready long prior to protection became lengthier by week 12,
relatively to shorter ones (Fig. 15).

Individual ORES features for matching. We extend the
feature set for computing the propensity score for our arti-
cle matching approach by also including the individual 26
ORES article quality features (min-max normalized). After
recomputing the matches including these variables, we find
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Figure 13: Dataset balance after matching. We show the
absolute standardized mean differences before and after
matching for all covariates in a “Love” plot. The dashed (at
0.05) and solid lines (at 0.1) signal that matching consider-
ably improved covariate balance in the matched dataset.

no considerate difference in the trends of the results reported
in the main section (Fig. 16).

Attention (page views). Article attention or the number
of page views might affect the behavior of the Wikipedia
community towards protected pages and thus affect article
quality, even though in practice views generally correlate
strongly with edits (Hickman et al. 2021), which we already
account for in our original matching procedure. Nonethe-
less, we extend our analysis with a robustness experiment
that incorporates views as a measure of pre-RfPP attention.
We utilize the Wikimedia API to retrieve page views (Wi-
kimedia Foundation 2024) the day and week before the re-
quest and add these features to the propensity score compu-
tation for our article matching approach before again fitting
a difference-in-differences regression. However, the Wiki-
media API only provides page view data from July 2016
onward. As we report our main results for 2013 to 2022, the
results of this sensitivity analysis now pertain to a different
dataset—only the articles with an RfPPbetween July 2016
and 2022. Fig. 14 presents a comparison between results for
high- and low-quality articles for two types of experiments
within this time period: One with our previous matching pro-
cedure without page views (Figs. 14a and 14c) and one with
a matching approach that includes page views (Figs. 14b and
14d). Altogether, the results depicted in these figures con-
firm that trends for high and low-quality articles mostly per-
sist regardless of whether page views are incorporated into
the matching process.

Effect of Page Protection on Articlequality in Low—Quality Articles
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(a) Effects for low-quality articles without page views matching.
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(b) Effects for low-quality articles with page views matching.
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(c) Effects for high-quality articles without page views matching.
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(d) Effects for high-quality articles with page views matching.

Figure 14: Difference in article quality when considering
page views. As page views are only available after July 2016
through the Wikimedia API, we fit our dynamic difference-
in-differences model on this reduced dataset (July 2016 to
2022) to compare results obtained without (left) and with
(right) page views incorporated in the matching procedure.
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(b) Effects for shorter articles.
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(c) Effects for longer articles.

Figure 15: Difference in article length after protection.
Results in (a) indicate only minor differences in length be-
tween declined RfPP and protected articles right after the
request, but length rises to levels significantly higher than
articles without protection. In (b) and (c), we detect hetero-
geneous effects for shorter and longer articles.
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(a) Effects for all Articles.

Effect of Page Protection on Articlequality in Low—Quality Articles
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(b) Effects for low-quality articles.
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(c) Effects for high-quality articles.

Figure 16: Difference in article quality when account-
ing for all ORES features. We incorporate all 26 individ-
ual features utilized by ORES (see Fig. 9) in the match-
ing procedure before again fitting our dynamic difference-
in-differences regression. This sensitivity analysis does not
significantly change our results.



