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Abstract

Are there positive or negative externalities in knowledge production? We an-
alyze whether current contributions to knowledge production increase or decrease
the future growth of knowledge. To assess this, we use a randomized field exper-
iment that added content to some pages in Wikipedia while leaving similar pages
unchanged. We find that adding content did not have a sizable impact on long-
term content growth, neither in terms of quantity or quality. However, it increased
editing activity in the first two years. Our results have implications for information
seeding and incentivizing contributions. They imply that additional content may
inspire future contributions in the short- and medium-term, but do not generate
sizable externalities in the long-term.
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1 Introduction

Knowledge is a key input to many economic activities and a driver of economic growth
(Romer, 1990; Grossman and Helpman, 1993; Jones, 1995). An increasing share of knowl-
edge is created in the form of user-generated content: consumer feedback systems, dis-
cussion boards, Q&A sites, open-source software, social networks, and online information
repositories, such as Wikipedia. Online knowledge repositories have the potential to rev-
olutionize how society aggregates and transmits knowledge. This potential stems from
their ability to combine and aggregate the input of many individuals independent of time
and location, and the generated content can be retrieved at a low cost.1

A key component to the success of user-generated content repositories is a sufficient
flow of content contributions by users. Hence, understanding the drivers of contributions
to user-generated content has been an important question in economics and management
for the past two decades (Lerner and Tirole, 2003). While traditional motives of public
goods provision play a vital role in user-generated content, recent literature has identified a
novel driver in the form of a feedback loop—a dynamic by which small initial contributions
of content inspire ever more follow-on content contributions by other users (Aaltonen and
Seiler, 2016; Kane and Ransbotham, 2016; Zhu et al., 2020).

In this paper, we investigate whether there are positive or negative externalities in
user-generated content production. Understanding and quantifying such externalities has
important policy implications. If content generation has positive externalities on future
content generation, then information seeding and paid contributions may have a high
return on investment in terms of added stimulated growth (Aaltonen and Seiler, 2016).2

On the other hand, if content generation has negative externalities, then such policies
may backfire and be ineffective or even lead to worse eventual outcomes (Nagaraj, 2019).

Due to the reflection problem (Manski, 1993), externalities in content generation are
difficult to identify. An externality occurs when a contribution by a user motivates other
users to contribute (positive externality) or prevents further contributions (negative ex-
ternality). Yet, correlation in contributions does not necessarily attest to an externality.
A positive correlation may arise when two users are exposed to the same external shock,

1Traditional channels of personal knowledge transmission require a double-coincidence demand and
supply of knowledge. The “knowledge-seeker” and the “knowledge-holder” have to meet in person or at
least at the same time. The elimination of such double-coincidences has been modeled to understand
the advantage of monetary over barter-economies. Kiyotaki and Wright (1989). These features give
such systems a drastic competitive advantage that may affect the education sector and other traditional
channels of knowledge transmission. The sector of encyclopedic knowledge is one of the most salient
examples of the new technology’s potential.

2Nagaraj (2019) describes how such policies have been used by Wikipedia (seeding articles on more
than 30,000 US cities from US Census Bureau data), OpenStreetMap (US Census maps), and Reddit
(fake user accounts).
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such as a news article or a research finding. Similarly, a non-causal negative correlation
may be caused by processes with periodic updates, such as elections or periodically up-
dated statistics. To identify the causal effect, shocks to content growth and contributions
must be independent over time. We estimate the causal impact of additional content
on subsequent contributions using a randomized field experiment in Wikipedia. Ran-
domization ensures that the addition of content is exogenous in terms of future content
generation. As argued by the literature analyzing social interactions (including Manski
(1993) in general and more specifically Aaltonen and Seiler (2016) and Zhu et al. (2020)),
randomized experiments are the best way to cleanly identify causal relationships in such
interactions.

The exogenous variation in our data comes from a randomized field experiment, which
was conducted in 2014. The experiment added relevant content to randomly chosen
Wikipedia pages while leaving similar pages unchanged. The treatment added about
two paragraphs (approximately 2,000 characters) and one picture to each page in the
treatment group. The pages were about mid-sized Spanish cities in different language
editions of Wikipedia.3

For our analysis, we collect data from multiple sources. To measure the impact on
the quantity of content and editing activity, we use a dataset of Wikipedia editing his-
tories, which includes all versions of Wikipedia pages in the treatment and the control
groups. To measure the effect on the quality of content, we use two approaches. First,
we developed a quality rating scheme, and for each page, we obtained quality ratings by
two independent raters who are fluent in the corresponding language. Second, we use
text analysis to compare the content across different language editions of Wikipedia and
measure similarity to the corresponding pages in the Spanish Wikipedia. Our dataset
and the experimental setting allow us to analyze both short-term and long-term effects,
up to four years after the experiment. Our main outcomes of interest are the quantity
and quality of content. To study editing activity, we also analyze the number of unique
editors, the number of edits, and the amount of content added and deleted.

We find that the additional content did not have a sizable impact on the long-term
growth of the quantity and quality of content. Consequently, the pages which were im-
proved by adding about 2,000 characters of content were still only longer by about the
same amount, even four years after treatment. Similarly, while the added content in-
creased the quality, the quality difference four years later was about the same as imme-
diately after the treatment. We do find some short-term impact. In particular, we find
that the editing activity increased in the first two years after the treatment. In this initial

3A comprehensive description of the experiment is provided in Hinnosaar et al. (2019), who studied
the impact of this treatment on real-world outcomes.
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stage, the treatment increased the number of Wikipedia users editing the treated pages
and increased the number of edits. However, there was no sizable impact in the third and
fourth year post-experiment. Moreover, even in the first years, the amount of content
these users added was small and their edits were mostly limited to directly modifying the
text added by the treatment.

While our study benefits from clean identification, it faces two important limitations.
First, our test has low power to measure small effects on content growth. Our minimum
detectable effect size is 13% for four-year growth in page length. Hence, we can reject
sizable effects, but cannot exclude the possibility of small, but economically meaningful
positive or even negative effects. However, our test has relatively more power to detect
meaningful changes in editing activity. Second, our results might not generalize to other
platforms or content in other stages of development. In our setting, the content is rela-
tively mature but still incomplete. It is plausible that the results would be different if we
had studied either new pages or almost complete pages.

Our main finding has a clear policy implication—at least in settings similar to the
one studied here, investments in information seeding and incentivizing additional con-
tent contributions may temporarily increase user participation, but do not have a sizable
cumulative effect on content growth. Therefore information seeding and incentivizing
contributions are mainly a matter of direct cost-benefit analysis: they pay off if and only
if the costs of creating the content are lower than the value of the new content. The ad-
ditional costs or benefits via externalities that discourage or inspire future contributions
are small.

Our paper contributes to the literature that studies externalities in user-generated
content production. The closest to our work are Aaltonen and Seiler (2016), Kane and
Ransbotham (2016), Nagaraj (2019), and Zhu et al. (2020). Aaltonen and Seiler (2016)
and Kane and Ransbotham (2016) used detailed observational data from Wikipedia. Na-
garaj (2019) used a natural experiment on OpenStreetMap, a Wikipedia-style digital
map-making community, which started with better seeding information in some regions
compared to others for quasi-random reasons. Zhu et al. (2020) studied a natural ex-
periment that motivated students to contribute to Wikipedia. The papers arrived at
contradicting conclusions, which warrant further investigation regarding this issue. Our
paper is the first to study the question using a randomized field experiment, which al-
lows a clean identification of the underlying externalities, especially when analyzing the
long-term impact.

More generally, the paper belongs to the literature that analyzes what drives contri-
butions of user-generated content, which represents a salient and highly relevant digital
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public good.4 Among the main drivers of content contributions, the studies addressed
the role of personal gain (Shah, 2006), social comparison (Chen et al., 2010), group size
(Zhang and Zhu, 2011), networks (Fershtman and Gandal, 2011; Ransbotham et al., 2012),
spillovers (Kummer, 2014), symbolic awards (Gallus, 2017), performance feedback (Huang
et al., 2018), monetary rewards vs social motives (Sun et al., 2017), contributor diversity
(Ren et al., 2015), and economic conditions, such as unemployment (Kummer et al., 2019)
and migration (Slivko, 2018). Social motives have been shown to affect public good pro-
vision (Goldstein et al., 2008; Lacetera and Macis, 2010; Ayres et al., 2013). Specifically,
in the case of digital public goods, examples include ranking movies on MovieLens (Chen
et al., 2010), editing articles on Wikipedia (Zhang and Zhu, 2011; Algan et al., 2013), and
endorsing messages of Facebook users (Egebark and Ekström, 2017).5 In our setting, so-
cial externalities are rather implicit, as individuals contributing content are not connected
by any direct social ties, and the interactions with the other members of the community
can occur only in the process of contributing knowledge to the Wikipedia articles. Our
paper extends the literature by using variation from a randomized field experiment to
measure the impact of additional content on future content generation.

The structure of the paper is as follows. In the next section, we describe the experi-
ment and provide some background on Wikipedia editing. Section 3 describes the data.
Section 4 presents the results of the impact of the treatment on the subsequent growth
in content quantity and quality and on editing activity. Section 5 introduces a simple
theoretical model and interprets our results in this framework. Section 6 discusses the
connection between our findings and related literature. It also discusses the implications
and generalizability of our findings. Section 7 concludes.

2 Experiment and background

2.1 Experiment

The field experiment added content (text and photos) to randomly chosen Wikipedia
pages. The sample consisted of 240 Wikipedia pages. Specifically, it consisted of the
pages of 60 Spanish cities in the French, German, Italian, and Dutch editions of Wikipedia.
The cities were all medium-sized, excluding the largest like Madrid and Barcelona, and

4Other studies on Wikipedia have analyzed biases in Wikipedia’s content (Greenstein and Zhu, 2012,
2018; Hinnosaar, 2019) and the impact of Wikipedia on market outcomes (Xu and Zhang, 2013; Hinnosaar
et al., 2019) and science (Thompson and Hanley, 2018).

5More generally, the literature suggests strong effects of social influence on individual choices related
to savings (Duflo and Saez, 2002, 2003), education (Hanushek et al., 2003; De Giorgi et al., 2010),
entertainment (Salganik et al., 2006), etc.
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also excluding the smaller cities. The Wikipedia pages in these languages were relatively
short—up to 24,000 characters in each of these four languages.

Each city and each language edition of Wikipedia was treated equally. For each city,
its page was assigned to the treatment group in two randomly chosen languages. In
each language edition of Wikipedia, 30 randomly chosen city pages were assigned to the
treatment group. Specifically, to obtain balance in the treatment and control groups, the
randomization was stratified.6 The 60 cities were divided into ten equal-sized groups.
Within each group, each city was randomly assigned to one of six treatment arms. The
six treatment arms were as follows: treat the city page in one of the six possible language
pairs (French & German; French & Italian; French & Dutch; German & Italian; German
& Dutch; Italian & Dutch). This resulted in a design where the number of pages which
were treated equaled the number of those that remained in the control group.

The Wikipedia pages were treated mid-August, 2014. The treatment added about
2,000 characters of text and photos to each page in the treatment group. The added text
and photos were mostly obtained from the corresponding Spanish and English language
Wikipedia pages. Because all the pages were about Spanish cities, the Spanish Wikipedia
typically contained more information than the other language versions. The English
language version of the page, typically, was also more detailed than in the languages in
the experiment. Hence, there was information available in Spanish and English pages that
was missing from the other language editions of Wikipedia. The treatment translated that
text and added it to the corresponding pages in the treatment group.

The treatment of the pages in Dutch Wikipedia was not successful. While in French,
German, and Italian Wikipedia, the added text and photos survived well over time, all the
additions to Dutch Wikipedia were deleted within 24 hours (by a single editor). Wikipedia
allows anyone to edit. It also means that anyone can delete or undo the latest changes
by reverting to a previous version of the page. This happened in the Dutch version of
Wikipedia, where 24 hours after the treatment, all the pages looked as if they had never
been treated. Therefore, we exclude Dutch pages from our main analysis and restrict
attention to the 180 pages in French, German, and Italian. Robustness analysis shows
that our results do not change if Dutch pages are included in the analysis.

2.2 Power analysis

We acknowledge that the sample size and power of our tests are rather small. We analyze
this in appendix A, which presents power analysis for one of our main outcome variables
(page length) and the main editing activity variable (number of users). As estimation

6For further details of the randomization, see Hinnosaar et al. (2019).
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results in section 4 show, we would expect the power for other measures to be similar.
To provide some context, let us discuss the expected effect sizes, given the results from

previous literature. The main measure studied in most previous works is the impact of
added content on the number of future contributors. Aaltonen and Seiler (2016) estimate
that adding 10,000 characters of content leads to 0.204 additional users per week, which
corresponds to about 0.18 additional users per month for 2,000 characters as added by
the treatment in our case. Zhu et al. (2020) estimates are similar: their median treatment
size was 3,180 characters and estimated increase of 2 unique users per six-month period,
which implies 0.21 new users per month per 2,000 added characters.7

The literature provides less guidance for the long-term effect size for the quantity and
quality of the content. Aaltonen and Seiler (2016) use their estimates for the impact on
the number of users to simulate a possible effect on the content quantity and find 45%
growth in content. The only other paper to estimate this effect is Nagaraj (2019), who
finds a long-term effect of negative 10%.

Figures A.1a and A.1b in appendix A describe the power analysis for page length.
Figure A.1a shows that when the Dutch pages are included in the sample, as originally
intended, then if the true treatment effect is 10% increase in page length over 4 years, we
would reject the null hypothesis of no effect at 10%-significance level with 76% probability
and at 5%-significance level with 65% probability. The minimum detectable effect size
is about 12%.8 If we exclude the Dutch pages (figure A.1b), we lose some power, but
the minimum detectable effect is still around 13%. Indeed, our study is underpowered to
detect small long-term effects, but there should be no difficulties detecting even half of
the effect-size suggested by Aaltonen and Seiler (2016). Figures A.1c and A.1d show that
our experiment has relatively more power to detect meaningful effects on editing activity.
Even if we exclude the Dutch pages (figure A.1d), the minimum detectable effect size
is 0.11 users, and we should certainly be able to detect the effect sizes suggested in the
literature. Section 4 describes the ex-post minimum detectable effect sizes (with our
realized data), which turn out to be similar to those described here (calculated based on
the pre-experiment data).

7Kane and Ransbotham (2016) provide some evidence that the effect could be larger for less developed
content. They find that in the case of less developed articles, 1%-increase in length implies 0.03–0.04
more monthly contributors. In our case, the treatment was on average 23% of the page length, which
would imply 0.7–0.9 more users.

8The minimum detectable effect size is calculated at 5%-significance level and 80% power.
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2.3 Background on Wikipedia and its editing

Wikipedia exists in 309 languages, and the different language editions are not identical.
The differences across languages made the experimental design possible. As we show in
section 3.5, Spanish Wikipedia contained much more information about Spanish cities
than the pages in our sample. This imbalance allowed the treatment to translate infor-
mation from Spanish Wikipedia to the target languages.

Why don’t Wikipedia editors translate the content between languages themselves?
First, it requires language skills. Many people are monolingual (Eurobarometer, 2012).
English language skills would not be enough because the pages in English Wikipedia
are also rather incomplete (as we show in section 3.5). The language skills required to
translate between Spanish, French, German, and Italian are not common. Table B.1 shows
that in France, Germany, and Italy, less than 10% of the population can read Spanish,
and in Spain, less than 10% of the population can read the languages in our sample.
Second, perhaps equally importantly, Wikipedia is written by volunteers whose motivation
depends largely on how fun the editing process is (Nov, 2007). Presumably, the task of
translating information is somewhat mundane compared to other possible uses of time.
Third, note that for the majority of the 309 language editions of Wikipedia, automatic
translation is still not good enough. Furthermore, even when automatic translation is
technically possible, to use it, it would require that Wikipedians agree on which language
version is the superior one.

Let us briefly describe how Wikipedia editing works on these pages. While large
edits that add an entire section or paragraph definitely exist, they do not make up the
majority of Wikipedia edits. Most Wikipedia edits are small, fixing typos, grammar, and
formatting, rearranging text without modifying content. Figure B.1a shows that 74% of
the edits to pages in our sample (before treatment) add less than 100 characters (about
one sentence). 41% of edits are marked by the editor as minor edits, which means not
modifying content. Only about 4% of edits add more than 1000 characters (about one
paragraph).

Where do the small edits come from? We hypothesize that some of these small edits
occur when editors keep track of pages that they are interested in. On Wikipedia, any
registered user can sign up to be notified when a certain page has been modified. We find
some evidence supporting this on the corresponding city pages in English and Spanish
Wikipedia. Figure B.1b shows that almost half of these pages have more than 30 editors
that get notified of all changes. Unfortunately, if there are less than 30 watchers for a
page, Wikipedia does not report the exact number. Hence, we just know that only 8
pages in our sample have at least 30 persons signed up for notifications. Nevertheless,
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the comparison with the pages in English and Spanish Wikipedia suggests that for the
remaining pages, there should be some watchers as well.

3 Data

We combine multiple sources of data. To measure the impact on the quantity of content
and editing activity, we use a dataset of Wikipedia editing histories. An editing history
contains the full text of each revision9 of each page starting from the creation of the page
until the beginning of September 2018.

To measure the effect on the quality of content, we use two approaches. First, we
developed a quality rating scheme, and for each page, we obtained quality ratings by
two independent raters who are fluent in the corresponding language. They rated three
revisions of each page in our sample (before treatment, after treatment, and four years
after treatment) comparing it to the English Wikipedia as a benchmark. Second, we use
text analysis to compare the content across different language versions of Wikipedia and
measure similarity to the corresponding pages in the Spanish Wikipedia.

Our sample consists of the 180 pages in the experiment, which are the pages of 60
cities in French, German, and Italian Wikipedia. In the following subsections, we describe
the construction of the dataset and variables used in the analysis.

3.1 Page length

One of our main outcome variables is the page length after the experiment. We measure
page length in characters, including spaces and wiki markup commands.

Figure 1 presents average page length in the treatment and control groups. Until
the experiment in August 2014, the average page length in the control and treatment
groups was rather similar.10 The experiment added significant length to the pages in
the treatment group. After the experiment, the difference has been relatively stable. An
exception is a sharp increase in the mean of the treatment group in August 2016. This
jump comes from the efforts of a single editor who worked hard to improve one page in
French Wikipedia—the page of the city of Cordoba.11 Appendix B presents the same

9A revision (or an edit) is a version of a Wikipedia article saved at a specific moment by a partic-
ular user. All revisions with the corresponding metadata, including full text, user, and timestamp, are
preserved by Wikipedia and publicly available.

10The drop in both the treatment and control groups in early 2013 comes from technical changes
in Wikipedia: Addbot removed about 2,000 characters from each page with an explanation similar to
“Migrating 77 interwiki links, now provided by Wikidata”.

11By August 2016, the page of Cordoba in French Wikipedia was relatively long, with 19,426 characters
(at the time 93% of the pages in our sample were shorter than that). During August 2016, this user
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figure, first without French Cordoba (figure B.2a) and second, with the logarithm of page
length (figure B.2b), both of which show no evidence of an increase in the treatment group
average in 2016.
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Figure 1: Average page length in the treatment and control groups

Notes: The number of observations is 90 in the control and 90 in the treatment groups. The experiment
month (August 2014) is marked by the dashed vertical line.

Similar dynamics can be seen when looking at the changes separately by language
(figures 2a to 2c). As expected, the placebo test with the Dutch pages (figure 2d) shows
that the assignment to the treatment group had no impact. Page length is one possible
output measure of knowledge production in Wikipedia. Similar dynamics as in figure 1
can also be seen in figure B.3 in appendix B, which presents alternative measures of
content: images and plain text (that is, html elements removed from the parsed text).

To make the treatment and the control groups comparable, we subtracted the length of
text added by the treatment from the length of pages in the treatment group. Moreover,
as the distribution of page lengths is relatively skewed, we use the logarithm of page
length in our estimations.

3.2 Quality ratings

To assess the changes in the quality of Wikipedia articles, we hired six research assistants
to rate the quality of articles. Each article in French, German, and Italian Wikipedia in

increased the page length to 100,702 characters, which is almost twice the length of the longest page at
the time (57,076 characters). Our conclusions do not change if we exclude this page.
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(a) French
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(c) Italian
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(d) Placebo: Dutch

Figure 2: Average page length in the treatment and control groups, by language

Notes: On each figure, the number of observations is 30 in the control and 30 in the treatment groups.
The experiment month (August 2014) is marked by the dashed vertical line.

our sample was evaluated by two raters, who were fluent in the respective language as
well in English.

We asked the raters to evaluate the quality of three versions of 60 Wikipedia articles in
our sample. Version A was the latest version before August 1st, 2014 (i.e., pre-treatment),
version B the latest version before September 1st, 2014 (i.e., post-treatment), and version
C the latest version before September 1st, 2018 (i.e., four years after the treatment). As a
benchmark, we used articles in English-language Wikipedia (as of September 1st, 2018).12

Each version of each article was rated in five dimensions on a scale where 0 is the lowest
possible rating and 100 means equivalence to the benchmark page from English Wikipedia
(for detailed instructions, see figure B.4 in the Appendix). The five dimensions were the

12As we show below, the articles about Spanish cities in English-language Wikipedia are sometimes
quite incomplete, so ideally we would have preferred to use Spanish Wikipedia as a comparison. Because
the combination of necessary language skills is not common, it would have been prohibitively costly.
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following. (1) Completeness: the article comprehensively covers all relevant aspects of the
city (compared to the article in English). (2) Well-written: the prose is clear, concise,
and spelling and grammar are correct. (3) Illustrated: the article includes photos that are
relevant to the topic and have suitable captions (compared to the article in English). (4)
Interesting: the article makes the city seem like an exciting place to visit (compared to
the article in English). (5) Overall: Overall, the article is a high-quality reference source
(compared to the article in English).

For example, a score of 100 in the completeness dimension means that the article
covers the relevant aspects of the city as comprehensively as the corresponding page in
English. It may occur if the pages cover the same topics in the same level of detail, or if
they cover different topics, but the missing parts “balance out” in the eyes of the raters.
A score of 50 would mean that the page is half as good and 200 that the page is twice as
good as the benchmark page from English Wikipedia.

Figure 3 presents the change in quality during the treatment (August 2014) and within
four years after treatment (September 2014–September 2018). It shows that in the treat-
ment group, as expected, there was a large increase in quality during the treatment. The
increase takes place in overall quality and in all measured dimensions except well-written.
Indeed, during the treatment month, pages in the treatment group become slightly less
well-written. This is expected because, in the experiment, the treatment text was written
outside of Wikipedia and then copied to Wikipedia. During the same time in August
2014, the changes in the control group within August 2014 are negligible. Within the
following four years, overall quality increases in both treatment and control groups, and
interestingly these increases are much smaller than the treatment itself. However, the
four-year increase in the treatment group is of a similar size as that in the control group.
To further help to understand the context of the quality measures, figures B.6a–B.6b in
the Appendix show that the quality measures are correlated with page length.13

3.3 Measures of editing activity

To better understand the process of content creation, we also study editing activity. To
construct the measures of editing activity, we start with 30,601 edits (revisions) from
180 Wikipedia pages. This set includes all the edits except those generated as part of
the treatment in the experiment. Following Aaltonen and Seiler (2016), we restrict the
sample of edits in the following ways. First, we exclude edits by bots (about 30% of
edits); these are non-human user accounts that generate automated edits. Specifically,

13Similar correlations between quantity and quality of content have been found previously, for example
by Chen et al. (2019)
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Figure 3: Change in quality during the treatment month (August 2014) and within four
years after treatment (from September 2014 until September 2018), separately for the
control and treatment groups.

Notes: The number of observations is 90 in the control and 90 in the treatment groups.
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we define bots as users whose username occurs in the list of bots (in the English, French,
German, or Dutch Wikipedias) or whose username includes “bot”. Second, we exclude
reverts, which are edits that restore any previous version of the same page (about 7% of
remaining edits). Third, we exclude vandalism (about 0.8% of remaining edits). We use
the following criteria to classify an edit as vandalism: (a) an edit that only deletes text
from the previous revision, and (b) the revision immediately after vandalism reverts the
article back to a past revision. Then we are left with 19,586 productive edits generated
by human users.

To analyze the impact of treatment on editing activity, we construct three types of
monthly measures that characterize how many people edited the pages, how many times
they edited, and how much they edited. The first measure is the number of unique users
editing a page per month. We define a unique user by the username for registered users
and by IP address for anonymous users. The second measure is the number of edits per
month. To avoid double-counting of micro-edits,14 we first aggregate edits to the day-
user-page level and then sum these up to month-page level. The third measure is edit
distance—the number of characters an edit added plus the number of characters it deleted
compared to the previous version of the page.15 We aggregate the edit distance measure
to monthly level. Figure B.7 in appendix B describes the average editing activity in the
treatment and control groups over time.

In addition to the aggregate measures of editing activity, we separate edits that directly
modify the treatment text and those that modify other parts of the page. We classify
edits into these two categories using a method similar to Hinnosaar et al. (2019). For each
page in the treatment group, we use the diff algorithm between the revision before and
after the treatment to determine treatment text—the exact text added by the treatment.
For each revision post-treatment, using the diff algorithm between the treatment text and
this revision, we check whether the revision deletes any part of the treatment text. If the
revision doesn’t delete anything from the treatment text, we classify the revision as one
that edited other parts of the page.

14Many Wikipedia editors save many revisions to the same page in a short period of time, for example,
generating a new revision after each sentence they write. This is partly motivated by the fact that
someone else might edit the page at the same time.

15Edit distance is widely used in computational linguistics and computer science to measure the simi-
larity of strings. It is a generic term that allows any weights of insert, delete, and substitution operations.
Common variants put weight 1 to addition and deletions, and weight substitutions either by 1 (called
Levenshtein distance) or by 2 (the measure we use). For each edit, we calculate the edit distance using
PHP FineDiff class at the granularity level of a character.

14

Electronic copy available at: https://ssrn.com/abstract=3341630



3.4 Similarity to Spanish Wikipedia

To complement the human-rated page quality data, specifically page completeness, we
also evaluate the changes in quality by computing the similarity with Spanish Wikipedia.
We use the articles in the Spanish language (as of September 1st, 2018) as a benchmark as
they provide the most detailed coverage of Spanish cities among all language versions on
Wikipedia. Therefore, if the coverage of topics in another language becomes more similar
to the corresponding article in the Spanish language, this can be interpreted as increasing
completeness of the article.

As a measure of similarity, we use the Tversky index (Tversky, 1977). Formally, if
the set of terms mentioned in the article of the target language is A and the set of terms
mentioned in the Spanish article is B, then the Tversky index is computed as

S(A,B) = |A ∩B|
|A ∩B|+ α|A \B|+ β|B \ A|

, (1)

where α ≥ 0 and β ≥ 0 are parameters. If α = β = 1, the index becomes equivalent
to the Jaccard similarity index, and if α = β = 0.5, it simplifies to the Sørensen-Dice
similarity index.16 More generally, a larger α puts a bigger weight on A (interpreted as a
variant) and β a bigger weight on B (interpreted as a prototype). As our aim is to use
the Tversky index as a completeness measure (how complete is A in comparison to B),
we set α = 0 and β = 1, which simplifies the similarity measure to S(A,B) = |A∩B|

|B| .
Before comparing the articles in the treatment languages with their Spanish counter-

parts, we need to extract the set of terms mentioned in each article. For this, we first
translate all articles into English using Yandex Translate API.17 Then, we remove all so-
called stop words, i.e., words that do not reflect the specifics of the content.18 We then
use the Porter stemming algorithm (Porter, 1980) to remove the endings from words in
English so that only root words remain. Finally, we drop all remaining strings that are
shorter than three characters or contain non-alphabetic characters. This process gives us
a set of terms for each article that we use in computing the Tversky index.19

Figure 3f presents the change in similarity during the treatment and within four years
after treatment. As with quality, we see a large increase in the treatment group in

16Both indexes are used to measure the similarity between two documents. The Jaccard index is also
known as the Intersection over Union and sometimes called the Tanimoto similarity. Another similarity
measure used in earlier works in economics (Thompson and Hanley, 2018; Chen et al., 2019) is cosine
similarity. It would be preferable if we want to capture the similarity of two pages not only in terms of
content covered but the language and tone. As we aim to capture completeness of the page compared to
a benchmark, we found the Tversky index most appropriate for the task.

17For more information, see https://tech.yandex.com/translate/.
18For example, pronouns (“it”, “their”) and prepositions (“on”, “before”). The full list is in figure B.5.
19Terms such as “america”, “archipelago”, “area”, “arona”; about 250–500 terms for each article.
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similarity during treatment and much smaller increases within the following four years
in both treatment and control groups. Figures B.6c–B.6d in the appendix show that
similarity to Spanish is correlated with page length and also with completeness (compared
to English).

3.5 Summary statistics

Comparison of pages in treatment and control groups. Table 1 presents the
comparison of pre-treatment page length, quality, and editing activity in the treatment
group versus the control group. The table shows that there were no significant differences
between the two groups before the treatment. However, as we saw earlier, the treatment
and control groups are not identical either. Figures B.8–B.9 in the appendix present
the kernel density estimates of full distributions separately for the treatment and control
groups for all the variables in table 1. We conclude that while there are differences between
the groups, by and large, the randomization was rather successful.

Table 1: Comparison of pre-treatment characteristics in the treatment group versus the
control group.

Control Treatment t-test Wilcoxon test Obs.
group group p-value p-value
mean mean
(1) (2) (3) (4) (5)

Log. length before treatment 8.586 8.611 0.842 0.655 180
Quality rating before treatment 72.700 70.917 0.810 0.602 180
Quality: complete before treatment 71.656 71.706 0.996 0.758 180
Quality: interesing before treatment 75.800 72.917 0.777 0.561 180
Quality: well-written before treatment 92.867 93.122 0.858 0.388 180
Quality: illustrated before treatment 72.372 73.772 0.854 0.441 180
Similarity to Spanish before treatment 17.488 17.251 0.885 0.820 180
Aver. # of users before treatment 0.378 0.333 0.321 0.285 180
Aver. # of edits before treatment 0.396 0.351 0.341 0.364 180
Aver. edit dist. before treatment 79.013 76.786 0.882 0.738 180
Aver. capped edit dist. before treatment 42.511 38.238 0.470 0.583 180

Notes: Column 1 and 2 present the means of pre-treatment values of variables, separately for the control
and the treatment group. Column 3 presents the p-value of the t-test for whether the difference between
the control and treatment groups is significantly different from zero. Column 4 presents the p-value of
the corresponding Wilcoxon rank-sum test. Column 5 presents the number of observations used in each
test.

Are the pages in our sample already rather complete? To answer the question,
ideally, we would like to use Wikipedia’s own quality ratings. Unfortunately, the pages in
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our sample have not been rated. Each language edition of Wikipedia has its own quality
rating system, but only in the English Wikipedia is the system widely used. Therefore,
we assess the completeness of the pages in two steps. First, we determine the quality of
the corresponding city pages in the English Wikipedia. Then we compare the pages in
our sample to the English pages.

Figure 4 presents the distribution of the quality ratings in English Wikipedia of the
60 city pages that correspond to the pages in our sample. These city pages have been
assigned the lowest possible grades (Stub, Start, and class C) or have not been rated at
all (9 cities).20 The highest rated pages, class C, according to the Wikipedia rating scale,
still miss important content. Hence, we conclude that the 60 city pages are all low-quality
articles in the English Wikipedia.21

0 10 20 30
Number of articles

Not rated

Stub

Start

Class C

Class B

Good article

Class A

Featured list

Featured article

Figure 4: Quality of the 60 city pages (corresponding to our sample) in the English
Wikipedia

Having seen that all the English pages still have room for improvement, how do the
pages in the sample compare to the English pages? Table 2 compares our pages to the
pages in English in 3 dimensions: relative length, (calculated) similarity, and (human

20The three lowest grades in the Wikipedia content assessment are: Stub—a very basic description of
the topic; Start—developing but still quite incomplete; Class C—substantial but is still missing important
content or contains much irrelevant material. Source: https://en.wikipedia.org/wiki/Wikipedia:
Content_assessment.

21Note that these articles, on average, are also not very important according to the English Wikipedia
article importance scheme. The scheme uses ratings from Low, Mid, High, to Top. Only 7 of the pages
are rated as High importance, 15 as Mid, and 9 as Low importance, 29 of the articles have not been
assigned an importance rating, which probably also implies that those articles are not highly important.
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rated) completeness. Panel A column 1 shows that after treatment the median page in
the treatment group is about 75% of the relative length, about 33% in terms of similarity,
and almost 100% in terms of completeness compared to the corresponding page in English.
Recall here that we saw above that the pages in English were far from complete. Panel A,
column 2 shows that, as expected, after treatment the median page in the control group
is relatively shorter and of relatively lower quality. But before the treatment (panel B),
the median pages in the treatment and control groups are similar.

Table 2: Completeness of the median page compared to English and Spanish Wikipedia

Compared to English Compared to Spanish
Treatment Control Treatment Control

(1) (2) (3) (4)
Panel A: After treatment (2014 September)

Relative length 75.6 53.4 50.2 35.2
Similarity 33.1 27.8 24.1 17.5
Completeness 98.4 72.4 . .

Panel B: Before treatment (2014 August)
Relative length 57.9 53.2 37.7 35.1
Similarity 26.2 27.7 17.3 17.5
Completeness 71.7 71.7 . .

Notes: Each cell presents the median from 90 pages either in the treatment group (columns 1 and 3) or
control group (columns 2 and 4).

Columns 3–4 in table 2 present the comparison with the pages in the SpanishWikipedia.
Compared to Spanish, the pages in the sample are even shorter and less similar. After the
treatment, the median page in the treatment group is still only 50% of the length of the
corresponding city page in Spanish. While it is not clear that all that material should be
included in the French, German, and Italian Wikipedia, at least we can say that there is
additional material that was important enough to be included in the Spanish Wikipedia.
Also note that the treatment added only material on topics relevant for tourists, such
as the city’s main sights and culture. Hence, while the treatment made the pages more
complete on these topics, on other topics that are typically covered on each city page,
such as demographics, economy, education, and government, there is probably still room
for improvement.

4 Results

We start by estimating the impact of the treatment on growth after treatment, both in
length and quality. We are looking at growth during four years after treatment. After that,
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we go into more details in two ways. First, we study the effects on different dimensions of
quality. Then we analyze the short- and long-term effects using a difference-in-differences
estimator.

To estimate the effect of the treatment on growth after treatment, we compare the
growth of pages (indexed by i) in the treatment and control group controlling for city and
language fixed effects:

∆yi = β0 + β1TreatmentGroupi + LanguageFEi + CityFEi + εi (2)

The coefficient of interest is β1 on TreatmentGroupi, which is an indicator variable that
takes value one if the page was assigned to the treatment group and zero if it was assigned
to the control group. The outcome variable ∆yi = y2018September − y2014September measures
the change in outcome from September 2014 to September 2018. Specifically, the outcome
variables are the change in the logarithm of page length, change in the overall quality
rating, and the change in the similarity to the corresponding Spanish Wikipedia article.22

Table 3 presents the estimates of the effect of treatment on subsequent growth over
four years post-treatment. All the point estimates are rather small, for example, 7% of
the standard deviation for length and 3% for quality.23 But the estimates are imprecise.
The 95%-confidence interval for length is from -7% to +12%, and the ex-post minimum
detectable effect size is 13%. Similarly, the 95%-confidence interval for the growth in
quality is from -4 to +3 points and the ex-post minimum detectable effect size is 5 points.
Note that these bounds are rather large compared to the average four year growth, but
small, only about one fourth, compared to the treatment itself. The estimates for the
similarity index are analogous to the quality rating. Hence, while we cannot precisely
measure small effects, we can rule out large effects on long-term growth.24

Table 4 presents the results of the treatment on the growth in different dimensions of
quality. In all four dimensions of quality, measuring how complete, interesting, illustrated,
and well-written the page is, the point estimate of the impact is rather small, and the
estimates are not statistically significant. The largest point estimate is for well-written,

22To make the pages comparable, we subtract the length of text added by the treatment from the
length of pages in the treatment group after treatment (both in 2014 and in 2018). We do that because
the outcome variable measures the percentage change, and hence, without subtracting the length of the
treatment text, the treatment group would have a higher base when calculating the percentage, then the
same increase in characters would give a smaller percentage for the treatment group.

23For expositional clarity, we interpret the coefficient in column 1 as measuring a percentage change in
length. This is a logarithmic approximation that performs well when changes are small which is the case
in our sample.

24Table B.2 in the appendix shows that the results are robust to alternative control variables. Table B.3
shows that the results are also robust when including the Dutch pages either in the control group or
estimating intention-to-treat.

19

Electronic copy available at: https://ssrn.com/abstract=3341630



Table 3: The long-term effect of treatment on the growth in page length and quality.
Dependent variable: y2018Sep − y2014Sep.

Change in page length or quality (y2018Sep − y2014Sep)
∆Log. page length ∆Quality rating ∆Similarity to Spanish

(1) (2) (3)
Treatment group 0.026 -0.375 -0.590

(0.048) (1.777) (0.624)
Language FE Yes Yes Yes
City FE Yes Yes Yes
Mean dep. var. 0.190 6.589 2.032
SD dep. var. 0.353 11.958 4.409
Adj. R-squared 0.259 0.116 0.199
Observations 180 180 180

Notes: Each column presents estimates from a separate cross-section regression of 180 Wikipedia pages.
The dependent variable ∆yi = y2018September − y2014September is the change in logarithm of page length
(column 1), change in the overall quality rating (column 2), and the change in the similarity to the
corresponding Spanish Wikipedia article (column 3). All regressions include language fixed effects and
city fixed effects. Standard errors are reported in parentheses.

which is consistent with what we would expect, given that the treatment slightly reduced
the quality in this dimension.

Table 4: The long-term effect of treatment on the growth in different dimensions of page
quality. Dependent variable: y2018Sep − y2014Sep.

Change in page quality (y2018Sep − y2014Sep)
∆Complete ∆Interesting ∆Illustrated ∆Well-written

(1) (2) (3) (4)
Treatment group -0.967 -0.150 -2.037 4.658

(2.254) (1.851) (3.752) (5.980)
Language FE Yes Yes Yes Yes
City FE Yes Yes Yes Yes
Mean dep. var. 6.939 5.700 12.186 4.875
SD dep. var. 15.212 12.201 27.280 37.879
Adj. R-squared 0.122 0.080 0.243 0.003
Observations 180 180 180 180

Notes: Each column presents estimates from a separate cross-section regression of 180 Wikipedia pages.
The dependent variable ∆yi = y2018September − y2014September is the change in the following dimensions
of page quality: complete (column 1), interesting (column 2), illustrated (column 3), and well-written
(column 4). All regressions include language fixed effects and city fixed effects. Standard errors are
reported in parentheses.

Next, we analyze both the short- and long-term effects. We estimate the following
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difference-in-differences regression using page-level monthly panel data:

yit =
∑
s

βs ·1[Y eart = s] ·TreatmentGroupi+MonthFEt+LanguageCityFEi+εit (3)

where the sum over s is taken over the years {−3,−2,−1, 1, 2, 3, 4} and Y eart measures
years since the experiment. The year of the experiment is the baseline, which is why s = 0
is excluded. The regression includes fixed effects for each page i (language and city pair)
and for each time period t. The coefficients of interest are the β-s on TreatmentGroupi
and year dummy interactions. All the year and treatment group interactions, including for
pre-treatment years, are presented graphically in figure B.10 in the appendix. Figure B.10
shows that there is no evidence of differential pre-treatment trends.

Table 5 presents the estimates of short- and long-term effects from regression (3). In
column 1, the outcome variable is the logarithm of page length minus treatment text.25

The estimates of the short- and long-term impacts of treatment on page length are all
rather small but imprecise. The estimate of the long-term (four-year) effect on page length
is similar to that in table 3.

In columns 2 and 3, the outcome variables are the number of users (people editing
the page) and edits per month. The treatment increased the number of users and the
number of edits during the first two years after the experiment. Specifically, the treatment
increased the monthly number of users editing the page by about 0.11 users (column 2) and
the monthly number of edits by 0.12–0.13 edits (column 3). However, these increases are
only short-lived. In the third and fourth year, for both measures, the effect of treatment
is insignificant, and the coefficients are small in magnitude. In the fourth year, we can
reject an effect of the same size found in the first years (0.11 users).26

What do these editors and edits do in the first two years post-treatment if it has sur-
prisingly little effect on page length? A natural explanation could be that the additional
edits simply polish the text added by the treatment. To study this, we re-calculated the
number of edits per month while excluding edits that directly edited the text added by
the treatment. The estimates using this outcome variable are presented in column 4.
The results show that when excluding the edits that directly affect the text added by
the treatment, then the treatment effect is much smaller. We conclude that most of the
short-term increase in editing comes from editing the content added by the treatment.

In column 5, the outcome variable is the number of characters added plus deleted. The
treatment had no statistically significant effect on the measure. Coefficients vary in sign

25To make the pages comparable, we subtract the length of text added by the treatment from the
length of pages in the treatment group after treatment. Hence, the estimates should be interpreted as
the effect of treatment on page length after removing the mechanical increase created by the treatment.

26For the long-term (four-year) effect, the ex-post minimum detectable effect size is 0.11 users.
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Table 5: The short- and long-term effects of treatment on subsequent page length and
editing activity.

Log. length # users # edits # edits Edit Capped
excluding excluding distance edit
treatment treatment distance

(1) (2) (3) (4) (5) (6)
Treatment × year 1 0.045 0.112*** 0.118** 0.006 -13.609 12.970

(0.032) (0.043) (0.049) (0.045) (40.176) (9.250)
Treatment × year 2 0.051 0.109** 0.128** 0.067 107.260 17.967*

(0.039) (0.047) (0.056) (0.055) (101.633) (10.414)
Treatment × year 3 0.049 0.008 0.001 -0.046 -37.161 -6.849

(0.047) (0.043) (0.049) (0.049) (30.389) (9.412)
Treatment × year 4 0.020 0.012 0.013 -0.041 2.626 -3.498

(0.056) (0.041) (0.046) (0.044) (74.799) (8.922)
Month FE Yes Yes Yes Yes Yes Yes
Treatment ×{ year-1,-2,-3 } Yes Yes Yes Yes Yes Yes
Language-City FE Yes Yes Yes Yes Yes Yes
Mean dep. var. 8.651 0.329 0.347 0.329 89.491 36.062
SD dep. var. 0.813 0.694 0.759 0.740 1120.108 131.787
Observations 17100 17100 17100 17100 17100 17100

Notes: A unit of observation is a page-month pair. The dependent variable is the logarithm of page
length minus treatment text (column 1) or a monthly number of users (columns 2), edits (columns 3),
edits not editing treatment text (column 4), edit distance (column 5), or capped edit distance (column 6).
Treatment × year 1 is an indicator variable that takes value one during the first year post-treatment if the
page belongs to the treatment group and zero otherwise; and similarly for the other years. All regressions
include page fixed effects and month fixed effects. All the year and treatment group interactions, including
for pre-treatment years, are presented graphically in figure B.10 in the appendix. The sample is a balanced
sample from September 2010 to August 2018, excluding the treatment month of August 2014. Standard
errors, reported in parentheses, are clustered by page (180 pages). *** Indicates significance at the 1
percent level, ** at a 5 percent level, * at a 10 percent level.

and, with the exception of the second year, are rather small in magnitude. In the second
year, the (statistically insignificant) coefficient estimate implies the treatment effect of
about 100 characters per month.

Because the distribution of the number of characters added plus deleted has a long
tail, in column 6, we use an alternative measure calculated from individual capped edits.
The individual edits are capped from above at the 90th percentile. The 90th percentile
equals about 500 characters and is about 10 times larger than the median edit. In this
way, the capped edit distance measure gives smaller weight to long edits. Estimates in
column 6 show that in the second year after the experiment, the treatment increases the
capped change in characters. The magnitude of the effect is small—an increase of about
18 characters per month. Provided that the average word length across languages in the
experiment is about 10.4 characters, our treatment increased the edit distance by about

22

Electronic copy available at: https://ssrn.com/abstract=3341630



two words.27 The small magnitude of the short-term increase is in line with the findings
from columns 3–4, which showed that most of the increase in editing comes from editing
the content added by the treatment. In later years, the point estimates of the treatment
effect are even smaller, and the estimates are statistically insignificant.

Finally, we analyze whether the effect of the treatment is heterogeneous, varying by
subgroups of the pages. Tables B.4 and B.5 in the appendix re-estimate the regressions
in table 3, allowing the effect of treatment to vary by the quality, completeness, relative
length (compared to the pages in Spanish Wikipedia), and the age of the page. While all
the estimates are statistically insignificant, the pattern in the point estimates seems to
suggest that the treatment effect was larger on lower quality and less complete pages.

Multiple hypothesis testing. We run many tests, and with a large number of tests,
we could easily get false positives, i.e., simply by chance, some estimates could turn out
to be statistically significant. That is, the probability of incorrectly rejecting at least
one null hypothesis is greater than the probability of incorrectly rejecting each individual
hypothesis test. To address the concern, we adjust for multiple hypothesis testing by
adjusting for the family-wise error rate (the probability of incorrectly rejecting at least
one null hypothesis belonging to the same family of hypothesis).

We prefer not to assign all the tested hypotheses to the same family because we
view that some of our outcomes are more important than others. Specifically, we are
mainly interested in long-term outcomes and on the impact on length and quality, not
on the inputs like various measures of editing. Therefore, to adjust the family-wise error
rate, we group our hypotheses into the following families: (1) long-term effects on length
and quality, (2) short-term effects on editing behavior, (3) long-term effects on editing
behavior. Specifically, we use Westfall and Young (1993) multiple hypothesis p-value
adjustment as implemented by Jones et al. (2019), employing 10,000 bootstrap draws.

Tables B.6–B.8 in the appendix present the adjusted p-values. As expected, the ad-
justed p-values are much larger, and therefore our conclusions regarding the long-term
effects are unchanged. Using the stricter p-values, the short-term effects on editing ac-
tivity become statistically insignificant. Therefore, a conservative approach would be to
interpret the findings of the short-term effects simply as suggestive. On the other hand,
the stricter p-values might be viewed as too conservative, considering that the literature
oftentimes does not correct for multiple hypothesis testing, and the number of our tests
has increased in part to show robustness. For this reason, in our preferred estimates, we
use unadjusted p-values.

27Source: http://www.ravi.io/language-word-lengths.
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5 Theoretical framework

To provide a framework for interpreting our results and unify findings from the related
literature, we introduce a simple theoretical model of the private provision of public
goods. As we showed in the previous section, we find no sizable long-term effects from
added content on content growth. The previous literature has found evidence for both
large positive effects as well as a negative effect. Our model aims to provide a theoretical
framework to discuss how externalities would impact the cumulative growth of output.
We then interpret our results in this framework. In the next section, we also compare and
discuss the differences in related literature in the context of the model.

5.1 Model

The model focuses on provision of a single public good (a Wikipedia page) by a sequence
of agents (editors). The initial state (value) of the public good is X0 ≥ 0. Time is discrete
and in each period t ∈ N, one agent t arrives, gets an i.i.d. draw of parameters (αt, βt, γt),
observes the current state Xt−1, chooses a contribution xt ≥ 0, which increases the state
to Xt = Xt−1 + xt, and then leaves the model.28 Agent t gets payoff

ut(xt, Xt−1) = vt(Xt) + wt(xt)− ct(xt, Xt−1), (4)

where vt(Xt) = αtXt = α(Xt−1 + xt) is the value of the public good, wt(xt) = βtxt is the
private benefit of the agent’s own contribution (for example warm-glow), ct(xt, Xt−1) =
γtxt ·

(
xt

2 − µ(Xt−1)
)
is the cost of contribution xt, and µ(Xt−1) is the externality.29

Let us first consider a benchmark with no externalities, i.e., µ(Xt−1) = 0.30 Then
the optimal contribution of agent t that maximizes (4) is x∗t = max

{
0, αt+βt

γt

}
. Note

that in this case, the contributions are independent of the current state and therefore the
expected growth rate of contributions is a constant that equals Emax

{
0, αt+βt

γt

}
. This

implies that an exogenous contribution ∆ (such as provided by the experiment) has the
same effect at any period (parallel shift). This is illustrated by figure 5a.

28Extending the model to stochastic arrivals would not change the qualitative results.
29For simplicity we assume only cost externalities. A significant simplification of the analysis is that the

benefit from the public good only depends on the current state. If agents’ benefit would depend on the
expected eventual state of the public good, they would have to take into account how their contributions
affect the future contributions. This would be a much more complicated sequential game, which under
some conditions can be solved using the inverted best-response approach introduced in Hinnosaar (2018).
Qualitative implications would remain the same without these simplifications.

30Without externalities, this model is similar to the model in Chen et al. (2019), with two differ-
ences: the payoffs in their model depend on social impact (i.e., number of viewers) and participation is
endogenous. A crucial difference in our model is the inclusion of externalities, which we discuss below.
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Figure 5: The expected growth of the state under different assumptions about the exter-
nality function µ(Xt−1)

Notes: Time (or number of contributors) on the horizontal axis and state of the public good on the
vertical axis.

The externality function µ(Xt−1) enters the cost function so that the marginal cost is

∂ct
∂xt

= γt (xt − µ(Xt−1)) . (5)

The marginal cost depends linearly on contribution xt and additively on externality.
Therefore, if the externality function µ(Xt−1) is constant, the state Xt−1 does not af-
fect marginal cost. If the externality function µ(Xt−1) is decreasing, there is a negative
externality, i.e., the marginal cost increases with the state. For example, this may oc-
cur with free-riding: the better the current state of the public good, the fewer reasons
there are to contribute more. On the other hand, if the externality function µ(Xt−1) is
increasing, there is a positive externality, i.e., the marginal cost decreases with the state.
For example, earlier contributions may give later contributors ideas (inspire) on how to
contribute. Perhaps the most realistic case is an inverted-U-shaped µ(Xt−1) function.
Initially, when the state is low, it is quite costly to contribute, when the state increases,
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it becomes easier, but eventually, as the state becomes very high, it becomes again more
and more costly to find something to contribute.

The optimal contribution of agent t depends on parameters and the externality:

x∗t (Xt−1) = max
{

0, αt + βt
γt

+ µ(Xt−1)
}

(6)

When the externality is negative, the optimal contribution x∗t becomes smaller as the
state Xt−1 increases (it becomes more costly to contribute). Therefore, the equilibrium
growth rate of the state decreases over time. An exogenous addition ∆ (for example, an
experimental treatment) has a long-term effect smaller than ∆. Figure 5b illustrates this
case. On the other hand, if the externality is positive, it becomes easier to contribute.
Then, the equilibrium contributions and the growth rate of the state are increasing over
time. In this case, an exogenous addition ∆ has a long-term effect larger than ∆. See
figure 5c for an illustration.

Finally, when the externality function is inverted-U-shaped, then the growth rate
is initially increasing as contributions become easier. However, over time, as the state
converges to its upper limit, the contributions become more costly, and therefore the
growth slows down. An early treatment ∆ leads to fast growth by reducing the costs,
whereas a later treatment ∆ (of the same amount) has a reduced impact as it slows down
the growth. Figure 5d illustrates this case.

5.2 Interpretation in relation to theoretical framework

In this subsection, we connect Wikipedia editing with the theoretical framework. The first
question to ask is which channels lead to either positive or negative externalities? We can
highlight several channels leading to positive externalities. Attention: some Wikipedia
editors sign up as watchers for a page and get notifications for each time the page is
edited. The reason they do it is to maintain the quality of the page, and therefore
some of these notifications must lead to future edits. Moreover, contributions increase
the number of page views, mostly by increasing visibility in search rankings (Hinnosaar
et al., 2019). Some of these additional eyeballs are likely to convert to contributions
(Kane and Ransbotham, 2016; Zhu et al., 2020). Learning and inspiration: existing
content provides contributors new information about a topic and gives them ideas for
contributions (Olivera et al., 2008). Social motives: additional content signals potential
interest in the community (Zhang and Zhu, 2011; Chen et al., 2019). All these channels
would lead to positive externalities, i.e., more contributions by earlier editors either make
it easier to contribute or raise their benefits from contributions. Without loss of generality,
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this can be modeled as a reduction of the marginal cost of contributions, as we did in
the previous section. These channels likely have a declining impact, i.e., during the early
stages of the page development, we would expect the impacts to be larger than for mature
pages, which already have a large amount of content.

On the other hand, there are also channels that lead to negative externalities: Crowd-
ing out: if users add the content that adds most value at the least possible cost (“low
hanging fruits”), then new content raises the cost of future contributions. Freeriding:
new content tells potential editors that someone is already taking care of the edits of
this particular page, and they may choose to point their attention elsewhere. Increasing
complexity: a Wikipedia page should be a coherent reference source; the more content
there is, the more possibilities there are for combinations on how the material could be
organized and more parts that need to have the same style and structure. All these chan-
nels lead to negative externalities, i.e., more contributions by earlier editors either make
it more difficult to contribute or reduce their benefits from contributions. Without loss of
generality, this can be modeled as an increasing marginal cost of contribution. It is likely
that these channels for negative externalities become more prevalent as content matures
and converges to completeness.

Combining these observations, in different settings, the total effect may lean either to-
wards positive or negative externalities, depending on which channels are more active. It
is likely that for relatively new and incomplete pages, channels inducing positive external-
ities are more prevalent. As the page matures, channels for positive externalities become
less important, and channels for negative externalities more important. This would imply
an inverted-U-shaped externality that we saw in the previous section.

The remaining question is how large are these externalities, which is the empirical
question that our analysis addresses. Our empirical results show that a treatment ∆
has approximately the same effect ∆ on the outcomes four years later. This finding is
consistent with two possibilities: either there are no externalities (figure 5a), or there are
both positive and negative externalities in the same magnitude (figure 5d). Both cases
are plausible, as the treatment contributed to relatively mature pages that were still far
from being complete. The results about treatment heterogeneity (tables B.4 and B.5)
provide some evidence in favor of the second possibility as they seem to indicate that the
treatment had a more positive effect on lower quality and less complete pages.
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6 Discussion

6.1 Comparison with related literature

Kane and Ransbotham (2016), Aaltonen and Seiler (2016), Zhu et al. (2020), and Nagaraj
(2019) study the same question and reach different conclusions. Aaltonen and Seiler
(2016) and Kane and Ransbotham (2016) use detailed observational data from Wikipedia,
and Zhu et al. (2020) a natural experiment on Wikipedia, and they all found positive
externalities—contributions bring more contributions in the future. On the other hand,
Nagaraj (2019) uses a natural experiment in a Wikipedia-style mapping service and finds
a negative impact on the long-term quality of output (about ten percent higher error rate).
Our empirical results and the theoretical model enable us to bridge the gap between their
opposing conclusions.

Aaltonen and Seiler (2016) and Kane and Ransbotham (2016) study the impact of
added content on the short-term editing activity. The estimates from Aaltonen and Seiler
(2016) imply that additional content of 2,000 characters leads to about 0.18 additional
monthly users. Zhu et al. (2020) estimate the impact over six months and find an effect of
similar magnitude, about 0.21 additional monthly contributors per 2,000 added characters.
Our estimates for the first two years after the experiment are slightly smaller, about 0.11
additional users per month. Therefore our findings largely confirm the findings from
related literature. The small difference in magnitude might be explained by the fact that
the other papers are measuring more immediate effects, while we measure the impact over
a year or two.

However, we find that there is no sizable long-term impact on editing activity or
content growth. This finding is related to the results in Kane and Ransbotham (2016),
who find that although additional content may bring additional contributions to pages
that are relatively incomplete, this effect may disappear once the pages become complete.
Our results on treatment heterogeneity provide some evidence towards this, although the
effects are not statistically significant.

As we discussed in the previous section, such differences in editing activity are consis-
tent with a simple explanation that in earlier stages of the content life-cycle, the channels
leading to positive externalities are more active. In contrast, the channels leading to neg-
ative externalities become more dominant in the long-term. In particular, as some editors
have signed up as watchers who make sure that added content is up to the quality stan-
dards (see section 2.3), we would expect that immediately after content is added there is
increased editing activity focusing on the added content. Our analysis of the short-term
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editing activity supports this conjecture.31

On the other hand, Nagaraj (2019) studies the impact of better-quality seeding data
on quality outcomes ten years later. He finds a negative effect of about 10%, which is
a large difference from the conclusion of Aaltonen and Seiler (2016), whose simulations
implied that the positive effect on short-term editing activity could lead to about 45%
better output. Our results about the impact of added content on the long-term growth
in content quantity and quality provide some support in favor of the first number. While
we do not have enough power to measure small positive and small negative effects, we
can reject sizable long-term impacts.

The finding from Nagaraj (2019) is partially consistent with the implications of our
theoretical framework. Assuming that a time horizon of ten years is sufficient for the
content to be close to completeness, we would expect that early differences in content
would disappear in the long-term. In other words, in the long term, we would expect the
negative externality to dominate. Explaining the negative impact on outcomes requires
an explanation beyond our model and analysis. The key mechanism proposed by Nagaraj
(2019) to explain the negative externality is the “ownership effect”, which plays a less
prominent role in Wikipedia. Nagaraj (2019) suggests that contributors who added par-
ticular bridges or streets on the user-generated map may feel more responsible for keeping
these objects updated over time. Therefore, the treatment of adding more seeding infor-
mation may backfire by not allowing the ownership of objects to arise naturally. All other
papers mentioned here, including our work, focus on textual content in Wikipedia, where
ownership is less clear, and we would thus expect the negative effect of adding content to
be less prominent.

6.2 Implications

Many user-generated content platforms use managerial interventions that aim at motivat-
ing users to contribute new content. Examples include seeding the platform with initial
content, compensating users for their contributions, or running campaigns to help to get
the process started. Whether such policies should be used depends on whether the added
content inspires an upward spiral of more user-generated content or whether it discour-
ages future contributions. This choice is a critical managerial decision, because firm wikis,
archives, or Q&A forums all depend on sufficient provision of information. On the other
hand, such interventions are costly and require committing resources that cannot be in-

31Note that there are other, more subtle differences in the research environments that may affect the
outcomes. For example, in our setting, the added content comes from an outside source. Instead, in the
settings of Kane and Ransbotham (2016), Aaltonen and Seiler (2016), and Zhu et al. (2020), the added
content is created by the community.
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vested elsewhere. Hence, it is important to understand not only the direction but also
the magnitude of any possible externality that added content might have on follow-on
contributions.

Our findings have a clear policy implication. The additional content temporarily
stimulates the participation of users in the areas where the content was added. This
participation, however, has no sizable cumulative effect on growth. Therefore, decisions
regarding investments in information seeding and incentivizing contributions should pri-
marily be based on direct cost-benefit analysis: they pay off if and only if the costs of
creating the content are lower than the value of the new content to the users and eventu-
ally to the platform. The additional costs or benefits via externalities that discourage or
inspire future contributions are small.

6.3 Generalizability

As we already discussed, many channels may lead to positive and negative externalities.
Which channels are more active depends on a particular setting, time of treatment, and
time of measurement of the outputs. We already saw how the differences in timing within
the page lifecycle and time horizon might lead to different conclusions.

A word of caution is in order here. The results from Wikipedia might not generalize to
other user-generated content platforms. As an example, a relevant difference among the
platforms is the magnitude of the contributor’s personal benefit. In Wikipedia, the per-
sonal benefit from contributing is likely to be smaller than in open-maps or open-source
software. For example, a user of open-maps could directly benefit from correcting a mis-
take on a map, while an error in Wikipedia is unlikely to have any personal consequences.
Another example is the “ownership effect” proposed by Nagaraj (2019), which seems to be
a key driver in the Wikipedia-style mapping service, where each object (street, building,
etc.) explicitly states who has edited this object. As Wikipedia does not display who
wrote each part of the page, the ownership assignment is less clear. Therefore, we would
expect this channel for negative externality to be less active.

Moreover, our results also might not generalize to settings in other stages in content
development. Our theoretical model highlighted that the externalities might depend on
the existing amount of available content, additional content in early stages being more
beneficial than later. Our empirical results about the heterogeneity provide some sugges-
tive evidence that this might be the case. However, the experiment was not designed to
analyze this heterogeneity and is underpowered to do that. We would encourage future
research that aims at uncovering how the existing content (or more generally the lifecycle
of the content development) affects the externalities in content creation.
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7 Conclusions

In this paper, we show that the addition of content has no sizable impact on the subsequent
long-term growth of content. We identify the causal effect using exogenous variation from
a randomized field experiment in Wikipedia. We find that the treatment, which added
content to randomly chosen Wikipedia pages, increased subsequent content generation in
the first two years but had no sizable impact on the long-term growth of content, both in
terms of its quantity and quality. Specifically, we find evidence of temporary increases in
user participation, in particular, increases in the number of edits and editors in the first
two years after the treatment. However, the amount of content these users added was
small, and most of their edits modified the content added by the treatment.

Our findings have a clear policy implication—in settings like the one studied here,
information seeding and motivating content creation is not necessarily enough to gener-
ate a sizable increase in future content generation. However, these policies are also not
counterproductive as they can stimulate a small number of additional edits, and the dis-
couragement effect on future contributions is also small. Therefore, it is mostly a matter
of direct cost-benefit analysis whether such policies pay off.

Our results may not generalize to settings where other channels leading to positive or
negative externalities are more prominent. For example, it is possible that in the early
stages of content development, information seeding may be beneficial. On the other hand,
it is also possible that in situations where individual contributions are well-identified, the
seeding policies may backfire.
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A Online Appendix: Power analysis

We conduct the power analysis for one of our main outcome variable, page length, and the
main editing activity variable, number of users, using data from years 2010–2014 before
the experiment and Monte Carlo simulations with 10,000 samples. We draw random
samples (with replacement) of size 60 of cities. That gives us the samples of pages of size
either 240 (with Dutch pages) or 180 (without Dutch pages). We randomize according to
the randomization protocol described in section 2.1 and estimate the following regressions.

In the case of page length, we compare the growth of pages (indexed by i) in the
treatment and control group controlling for language fixed effects:

∆logLengthi = β0 + β1TreatmentGroupi + LanguageFEi + εi (7)

The outcome variable is the change in the logarithm of page length from 2010 to 2014
(that is growth during four years before treatment).

In the case of the number of users, we compare the average number of uses in the
treatment and control group, controlling for past number of users and language fixed
effects:

Users2014,i = β0 + β1TreatmentGroupi + β2Users2011,i + LanguageFEi + εi (8)

The outcome variable Users2014,i is the yearly average of the number of monthly users
from August 2013 to July 2014, and we calculate Users2011,i analogously. Note that since
this cross-section regression includes the lagged outcome variable Users2011,i, we expect
the estimates to be similar to a difference-in-differences estimator.

Figure A.1 presents the relationship between power and the true effect size at 5%
and 10%-significance level. For both page length and the number of users, it shows
power with and without the Dutch pages, hence with the sample size of either 240 or
180 pages. Figure A.1a shows that when the Netherlands is included in the sample,
as originally intended, then if the true treatment effect is 10% increase in page length
over four years, we would reject the null hypothesis of no effect at 10%-significance level
with 76% probability and at 5%-significance level with 65% probability. The minimum
detectable effect size is about 12%. If we exclude the Netherlands (figure A.1b), we lose
some power, but the minimum detectable effect is still around 13%. Figure A.1d shows
that even if we exclude the Netherlands, the minimum detectable effect size is 0.11 users,
and we should certainly be able to detect the effect sizes suggested in the literature.

To summarize, our study is underpowered to detect small long-term effects on page
length, but we can detect even half of the effect-size suggested by Aaltonen and Seiler
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Figure A.1: Power analysis for the effect on the page length and the number of users

Notes: Calculated using data from years 2010–2014 before the experiment and Monte Carlo simulations
with 10,000 samples.

(2016). On the number of users, our experiment has relatively more power, being able to
detect the effect sizes suggested in the literature.
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B Online Appendix: Additional figures and tables
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Online Appendix Figure B.1: Edit types and editors watching watching each page

Notes: Figure B.1a presents the edits by type as a percentage out of 100 calculated using the edits in the
sample of 180 pages pre-treatment. Figure B.1b presents the distribution of the number of watchers in
the sample, in the English Wikipedia, and in the Spanish Wikipedia as measured in January 2020.
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Online Appendix Figure B.2: Robustness: Page length

Notes: The number of observations used to calculate the average is 90 in the control group and 89
(Figure B.2a) or 90 (Figure B.2b) in the treatment group. The experiment month (August 2014) is
marked by dashed vertical line.
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Online Appendix Figure B.3: Other output measures

Notes: The number of observations is 90 in the control and 90 in the treatment groups. The experiment
month (August 2014) is marked by dashed vertical line. Plain text is obtained by removing html elements
from the parsed text.
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Online Appendix Figure B.4: A screenshot with instructions given to research assistants
who rated the quality of articles as described in section 3.2

’ourselves’, ’hers’, ’between’, ’yourself’, ’but’, ’again’, ’there’, ’about’, ’once’,
’during’, ’out’, ’very’, ’having’, ’with’, ’they’, ’own’, ’an’, ’be’, ’some’, ’for’, ’do’,
’its’, ’yours’, ’such’, ’into’, ’of’, ’most’, ’itself’, ’other’, ’off’, ’is’, ’s’, ’am’, ’or’,
’who’, ’as’, ’from’, ’him’, ’each’, ’the’, ’themselves’, ’until’, ’below’, ’are’, ’we’,
’these’, ’your’, ’his’, ’through’, ’don’, ’nor’, ’me’, ’were’, ’her’, ’more’, ’himself’,
’this’, ’down’, ’should’, ’our’, ’their’, ’while’, ’above’, ’both’, ’up’, ’to’, ’ours’,
’had’, ’she’, ’all’, ’no’, ’when’, ’at’, ’any’, ’before’, ’them’, ’same’, ’and’, ’been’,
’have’, ’in’, ’will’, ’on’, ’does’, ’yourselves’, ’then’, ’that’, ’because’, ’what’,
’over’, ’why’, ’so’, ’can’, ’did’, ’not’, ’now’, ’under’, ’he’, ’you’, ’herself’, ’has’,
’just’, ’where’, ’too’, ’only’, ’myself’, ’which’, ’those’, ’i’, ’after’, ’few’, ’whom’,
’t’, ’being’, ’if’, ’theirs’, ’my’, ’against’, ’a’, ’by’, ’doing’, ’it’, ’how’, ’further’,
’was’, ’here’, ’than’

Online Appendix Figure B.5: List of stop words used to clean the text for computing the
Tversky similarity measure in section 3.4
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Online Appendix Figure B.6: Quality, completeness (compared to English), similarity
(compared to Spanish), and log. length

Notes: We group the characteristic on the horizontal axes into quintiles. For each quantile, the graph
presents the median (as a horizontal line) and the interval from the 25th to the 75th percentile (as the
box) of the variable on the vertical axes. All measures are from pre-treatment (in August 2014.
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(c) Edit distance

Online Appendix Figure B.7: Average input measures in the treatment and control groups
per month

Notes: The number of observations is 90 in the control and 90 in the treatment groups. The experiment
month (August 2014) is marked by dashed vertical line.
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Online Appendix Figure B.8: Distributions of page length and quality before treatment,
separately by treatment and control groups

Notes: Kernel density estimates of the pre-treatment distributions, separately for the control and treat-
ment groups.
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Online Appendix Figure B.9: Distributions of page similarity to Spanish and editing
activity before treatment, separately by treatment and control groups

Notes: Kernel density estimates of the pre-treatment distributions, separately for the control and treat-
ment groups.
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Online Appendix Figure B.10: Panel

Notes: Point estimates and 90% confidence intervals from regressions in table 5 of the treatment group
and years since treatment interactions. A unit of observation is a page-month pair. Regressions include
page fixed effects and month fixed effects. The sample is a balanced sample from September 2010 to
August 2018, excluding the treatment month August 2014.
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Online Appendix Table B.1: Foreign language reading skills, % of population

Reading Spanish Reading English
French 9 32
Germans 2 33
Italians 4 26

Spanish reading other languages
Reading English 15
Reading French 7
Reading German 1
Reading Italian 2

Source: Eurobarometer (2012)
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Online Appendix Table B.2: Robustness of the effect of treatment on subsequent growth
in page length and quality, alternative controls. Dependent variable: y2018Sep − y2014Sep.

Change in page length or quality (y2018Sep − y2014Sep)
∆Log. page length ∆Quality rating ∆Similarity to Spanish
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Treatment group 0.012 0.012 0.012 -0.867 -0.867 -0.867 -0.478 -0.478 -0.478
(0.053) (0.053) (0.048) (1.786) (1.802) (1.683) (0.658) (0.657) (0.611)

Group FE No Yes No No Yes No No Yes No
Language FE No No Yes No No Yes No No Yes
Mean dep. var. 0.190 0.190 0.190 6.589 6.589 6.589 2.032 2.032 2.032
SD dep. var. 0.353 0.353 0.353 11.958 11.958 11.958 4.409 4.409 4.409
Observations 180 180 180 180 180 180 180 180 180

Notes: Each column presents estimates from a separate cross-section regression of 180 Wikipedia pages.
The dependent variable is the change in logarithm of page length (columns 1-3), change in the overall
quality rating (columns 4-6), and the change in the similarity to the corresponding Spanish Wikipedia
article (columns 7-9). Regressions in columns 1, 4, and 7 don’t include any controls besides the indicator
for the treatment group, regressions in columns 2, 5, and 8 include group dummies, and regressions in
columns 3, 6, and 9 include language fixed effects. Standard errors are reported in parentheses.

Online Appendix Table B.3: Robustness of the effect of treatment on subsequent growth
in page length and quality, Dutch pages included. Dependent variable: y2018Sep− y2014Sep.

Change in page log. length (y2018Sep − y2014Sep)
Dutch in control gr. Intention to Treat

(1) (2)
Treatment group 0.021 0.004

(0.043) (0.036)
Language FE Yes Yes
City FE Yes Yes
Mean dep. var. 0.156 0.156
SD dep. var. 0.319 0.319
Adj. R-squared 0.248 0.247
Observations 240 240

Notes: Each column presents estimates from a separate cross-section regression of 240 Wikipedia pages.
The dependent variable is the change in logarithm of page length. All regressions include language fixed
effects and city fixed effects. In column 1, all Dutch pages are assigned to the control group. Column 2
presents the intention-to-treat estimate. Standard errors are reported in parentheses.
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Online Appendix Table B.4: The effect of treatment on subsequent growth in page length
and quality, heterogeneity by page quality. Dependent variable: y2018Sep − y2014Sep.

Change in page length or quality (y2018Sep − y2014Sep)
∆Log. page length ∆Quality rating ∆Similarity to Spanish

(1) (2) (3)
Panel A: Heterogeneity by page quality

Treatment group -0.034 -1.564 -0.901
(0.073) (2.743) (0.975)

Treatment group 0.118 2.340 0.612
× Below median (0.111) (4.129) (1.467)
Below median 0.079 3.084 0.260

(0.084) (3.125) (1.111)
Language FE Yes Yes Yes
City FE Yes Yes Yes
Mean dep. var. 0.190 6.589 2.032
SD dep. var. 0.353 11.958 4.409
Adj. R-squared 0.282 0.128 0.189
Observations 180 180 180

Panel B: Heterogeneity by page completeness
Treatment group -0.002 -1.310 -0.768

(0.072) (2.732) (0.969)
Treatment group 0.052 1.788 0.342
× Below median (0.110) (4.131) (1.465)
Below median 0.144* 3.153 0.557

(0.082) (3.094) (1.097)
Language FE Yes Yes Yes
City FE Yes Yes Yes
Mean dep. var. 0.190 6.589 2.032
SD dep. var. 0.353 11.958 4.409
Adj. R-squared 0.294 0.125 0.191
Observations 180 180 180

Notes: Each column presents estimates from a separate cross-section regression of 180 Wikipedia pages.
The dependent variable is the change in logarithm of page length (column 1), change in the overall
quality rating (column 2), and the change in the similarity to the corresponding Spanish Wikipedia
article (column 3). All regressions include language fixed effects and city fixed effects. An indicator for
treatment group is interacted with an indicator whether either page pre-treatment overall quality (panel
A) or completeness (panel B) is below the median. Standard errors are reported in parentheses.
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Online Appendix Table B.5: The effect of treatment on subsequent growth in page length
and quality, heterogeneity by page length and page age. Dependent variable: y2018Sep −
y2014Sep.

Change in page length or quality (y2018Sep − y2014Sep)
∆Log. page length ∆Quality rating ∆Similarity to Spanish

(1) (2) (3)
Panel A: Heterogeneity by page relative length (to Spanish)

Treatment group 0.043 -0.608 -1.157
(0.070) (2.599) (0.914)

Treatment group 0.000 1.557 1.427
× Below median (0.099) (3.655) (1.285)
Below median 0.221** 6.928* 1.644

(0.099) (3.680) (1.294)
Language FE Yes Yes Yes
City FE Yes Yes Yes
Mean dep. var. 0.190 6.589 2.032
SD dep. var. 0.353 11.958 4.409
Adj. R-squared 0.289 0.148 0.225
Observations 180 180 180

Panel B: Heterogeneity by page age
Treatment group 0.053 0.676 -0.158

(0.062) (2.302) (0.807)
Treatment group -0.084 -3.234 -1.328
× Below median (0.121) (4.459) (1.564)
Below median 0.038 1.011 0.458

(0.103) (3.816) (1.339)
Language FE Yes Yes Yes
City FE Yes Yes Yes
Mean dep. var. 0.190 6.589 2.032
SD dep. var. 0.353 11.958 4.409
Adj. R-squared 0.250 0.105 0.190
Observations 180 180 180

Notes: Each column presents estimates from a separate cross-section regression of 180 Wikipedia pages.
The dependent variable is the change in logarithm of page length (column 1), change in the overall
quality rating (column 2), and the change in the similarity to the corresponding Spanish Wikipedia
article (column 3). All regressions include language fixed effects and city fixed effects. An indicator for
treatment group is interacted with an indicator whether either page pre-treatment length (panel A) or
age (panel B) is below the median. Standard errors are reported in parentheses.
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Online Appendix Table B.6: The effect of treatment on subsequent growth in page length
and quality, p-values adjusted for multiple hypothesis testing

Outcome variable Coef. SE Unadj. p-value Adj. p-value
(1) (2) (3) (4)

∆ log. length 0.026 0.048 0.586 0.974
∆ quality -0.375 1.777 0.833 0.974
∆ similarity -0.590 0.624 0.346 0.952
∆ complete -0.967 2.254 0.669 0.974
∆ interesting -0.150 1.851 0.936 0.974
∆ illustrated -2.037 3.752 0.588 0.974
∆ well-written 4.658 5.980 0.438 0.970

Notes: Westfall and Young (1993) multiple hypothesis p-value adjustment as implemented by Jones et al.
(2019) employing 10,000 bootstrap draws.

Online Appendix Table B.7: Short-term effects of treatment on subsequent editing activ-
ity, p-values adjusted for multiple hypothesis testing

Outcome variable Coef. St.er. Unadj. p-value Adj. p-value
(1) (2) (3) (4)

# users: year 1 0.122 0.030 0.000 0.310
# users: year 2 0.119 0.035 0.001 0.385
# edits: year 1 0.138 0.032 0.000 0.294
# edits: year 2 0.140 0.043 0.002 0.406
# edits excl. treatment: year 1 0.022 0.030 0.462 0.873
# edits excl. treatment: year 2 0.072 0.043 0.099 0.668
Edit distance: year 1 12.806 31.301 0.683 0.873
Edit distance: year 2 100.284 105.570 0.344 0.873
Capped edit distance: year 1 17.282 5.609 0.003 0.420
Capped edit distance: year 2 20.512 8.654 0.019 0.511

Notes: Westfall and Young (1993) multiple hypothesis p-value adjustment as implemented by Jones et al.
(2019) employing 10,000 bootstrap draws.
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Online Appendix Table B.8: Long-term effects of treatment on subsequent editing activity,
p-values adjusted for multiple hypothesis testing

Outcome variable Coef. St.er. Unadj. p-value Adj. p-value
(1) (2) (3) (4)

# users: year 3 0.014 0.028 0.621 0.983
# users: year 4 0.024 0.033 0.480 0.982
# edits: year 3 0.011 0.032 0.726 0.988
# edits: year 4 0.029 0.036 0.424 0.979
# edits excl. treatment: year 3 -0.035 0.031 0.269 0.910
# edits excl. treatment: year 4 -0.026 0.033 0.443 0.982
Edit distance: year 3 -13.534 21.692 0.534 0.983
Edit distance: year 4 1.296 79.265 0.987 0.996
Capped edit distance: year 3 -4.158 5.294 0.434 0.982
Capped edit distance: year 4 0.485 5.343 0.928 0.996

Notes: Westfall and Young (1993) multiple hypothesis p-value adjustment as implemented by Jones et al.
(2019) employing 10,000 bootstrap draws.
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