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Abstract
As open-source communities and other peer production projects face the challenge
of sustaining themselves over time, the role of offline gatherings in fostering
community resilience becomes a vital question. This study centres on the potential of
offline social interactions as a means to mitigate declines within such communities,
using Wikipedia as a case example. Using a comprehensive dataset spanning informal
meetups within the German-language Wikipedia community from 2001 to 2020 and
combining it with large scale online activity data, this study investigates the
relationship between offline gatherings and online contribution behaviour. Results
show that attending meetups has a positive effect on contributing towards Wikipedia
both in the short and long term. By shedding light on the significance of offline social
interactions in bolstering online communities, this study offers valuable insights into
potential strategies for sustaining collaborative online environments amidst broader
declines and further shows how offline and online activities intertwine.
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1 Introduction
Peer production is one of the most significant innovations emerging from Internet-
mediated social practice [1]. With remarkable sustainability and effort, unpaid volunteers
have collaborated in a decentralised and participatory fashion to create software (like
the GNU/Linux operating system), maps (like OpenStreetMap), or encyclopaedias (like
Wikipedia). Successful collaborative online communities require an active, contributing
user base. However, online peer production communities often rely on a small set of core
contributors who have contributed large parts [see e.g. for Wikipedia 2] and retaining
users over time, particularly beyond an initial trial phase, poses to be a challenge for many
open-source projects and virtual communities in general [see e.g. 3–7].

In this article, I will focus on the encyclopaedia Wikipedia as an example of an active
peer production project and an entity of sociological interest [see also 8]. Wikipedia was
launched in 2001 and has since become one of the top destinations for information to
many people, it lies at the backbone of many technologies and has become a key figure in
the internet landscape in general. Its scope and sustainability are remarkable: as of 2024,
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Wikipedia is available in over 300 different languages and the English-language version of
Wikipedia alone features over 6 million articles of, overall, good quality [9]. All of this is
based on the crowd-knowledge of engaged volunteers in a collaborative effort to organise
and present human knowledge, giving their time without receiving anything in return.
While many people contribute to Wikipedia, the project also struggles with a decline in
activity and with the retention of new users [see e.g. 10]. The level of activity and the
size of the active user base also varies greatly between the different language versions of
Wikipedia [2, 11].

While Wikipedia is primarily an online community, it also features a notable offline com-
ponent: particularly the German-language Wikipedia—one of the largest and most active
language versions—is characterised by regular local offline meetups which give editors the
chance to get to know each other personally [12–14]. Such offline meetups are important
to the community: long-term member and active Wikipedian Richter [15, 148] states that
personal acquaintances are central in a project that is based on anonymous contributions.
Face-to-face meetings allow users to connect to others and help in times of conflict; they
can fulfil a Wikipedian’s needs for social contacts, community, and personal exchange [15,
132–136]. Offline meetings thus offer new avenues of interaction as well as ways for editors
to immerse themselves into the project.

Several studies have acknowledged the occurrence of offline interactions within a vari-
ety of online communities and discussed the interplay between the offline and the online
[e.g. 16–25]. Offline meetings can play a part in complementing the low social presence
inherent in most computer-mediated environments [26]. There is supporting evidence
that stronger ties develop through offline gatherings in online communities; for example,
Angelopoulos and Merali [16] find enhanced sociability of users of an online community
after meeting offline; Lin [19] finds that offline interactions are important for the sustained
success of online communities; Koh et al. [22] state that offline activities increase the sol-
idarity and cohesiveness of virtual communities and strengthen links between members:
they expect that offline meetings facilitate virtual community activism and lead to a higher
sense of virtual community, expecting positive relationships between offline activities and
different dimensions of immersion into a virtual community. They find some support in
their analysis on Korean virtual communities. However, not all studies on online commu-
nities come to the conclusion that offline meetups are positive: McCully et al. [23] state
that meetups of a collaborative writing community strengthen online relationships but de-
crease the amount of participation, leading to a counter-intuitive impact on community
sustainability.

Taken together, how online communities are affected by offline interactions seems to
depend on the context and the specifics of the community. Wikipedia as an open collab-
oration project which aims at providing free knowledge features notable differences to
most other communities: Wikipedians join the community to create an encyclopedia and
not primarily to socialise. Against this background, this study will focus on the effect of
meetup participation on editing activity to shed light on the question of whether offline
interactions can help to stop the decline of peer production projects, taking the German-
language version of Wikipedia as a case example.

2 Theory and related work
Understanding who Wikipedians are, why they join the platform, and why they keep edit-
ing has been of interest to many scholars [see for a recent review 27]. Considering that
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Wikipedia is a prime example of a collective good, the incentives to contribute are low.
Even though the provision of articles is costly for the authors as they need to invest time
in researching and writing, Wikipedia exists and its scope is remarkable. Many individuals
have opted against free-riding and instead participate, sometimes staying active for years
to come after joining the community.

Crowston and Fagnot [28] have established a theoretical framework drawing on differ-
ent theories to explain contributions towards user-generated content at different stages,
particularly incorporating theories of helping behaviour [29] and social movement the-
ory [30]. They differentiate between three separate sets (initial, sustained, and meta) of
motivations for participation, arguing explicitly that the motivations to make a first con-
tribution are not the same as the motivations to make additional contributions. This study
focuses on the (motivational) effect of meetups on sustained contribution of Wikipedians.

Crowston and Fagnot [28] understand contributions to projects such as Wikipedia as a
form of voluntary participation in a voluntary organisation; Konieczny [31] has also previ-
ously framed Wikipedia as a social movement. Crowston and Fagnot [28] argue that three
precursor conditions must be fulfilled so that helping behaviour can arise in the context of
user-generated content projects: individuals must recognise the need to help, individuals
must have the capabilities and feel the obligation and/or responsibility to help, and indi-
viduals must weigh their obligation and capability of helping favourably against its (social
and tangible) costs.

In this study, I focus on sustained contribution; given this focus, it can be assumed that
contributors of Wikipedia are aware of the project from their initial encounter. However,
Crowston and Fagnot [28] argue that a continuing contributor must also perceive the need
for further contributions. They also expect that sustained contributors who report higher
domain expertise will contribute more, as well as those who viewed contributing positively
(whether due to learning more, finding it fun, or receiving positive feedback). More rele-
vant for this study, Crowston and Fagnot [28] expect that feelings of social obligations play
a role in deciding whether users become sustained contributors [32]. Drawing on the lit-
erature on social movements, defined as an organised effort by a group of people to bring
about societal change, they suggest that projects become better at retaining participants if
they develop characteristics of such movements. Klandermans [30] suggests four different
areas of motivation for participation in a social movement: collective motives, identifica-
tion with the group or a subgroup, reward motives, and social motives [see also 28, 33].
Further, the fact that social networks matter for social movements is well documented and
they are shown to be important in explaining their success [34, 35].

Collective motivations come from the individual’s evaluation of the group’s goals or ide-
ology. This becomes relevant as many social movements share an ideology and are organ-
ised around this shared ideology. In the case of Wikipedia, the project aims at promot-
ing free knowledge and many contributors express feelings of agreement with this goal
[32, 36–40]. Crowston and Fagnot [28] further argue in their theory that participants who
report a higher level of identification are more likely to sustain contributions and con-
tribute more [see also 41]. Group identification can lead to feelings of obligation to the
group which then provide motivations for sustained contribution. Feeling part of a group
is essential to transform interests into collective actions [42] and generally increase com-
mitment to it [43]; commitment and self-identification can then motivate to contribute to
the collective good of the group [44] and work as motivating drivers of work more gen-
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erally [45, 46], also in online communities [47]. In the context of Wikipedia, research has
shown that experienced editors tend to see Wikipedia as a community of editors instead
of just a collection of articles, and are more likely to report social and community factors
as important motivations for editing compared to newcomers [36, 39, 48].

Following this line of argumentation, I argue that offline meetings increase commitment
to and identification with the project and its user base. Face-to-face meetings allow new
friendships to develop and discussions about Wikipedia to take place. They offer an addi-
tional venue for interaction and thus strengthen existing online weak ties, increasing the
identification and commitment to Wikipedia, which in turn increases contributions. This
leads to the following hypothesis:

Hypothesis 1: Attendees of offline meetups increase their contributions after a meetup.

Wikipedia meetups come as either social meetups or are more strongly work-related.
Some meetups are specifically designed so people can learn more about how to edit
Wikipedia, about gaps and missing content on Wikipedia, or about specific information
which is currently lacking in the encyclopaedia. New ideas and knowledge are gener-
ated at such work meetups which—following the framework of Crowston and Fagnot
[28]—increase users’ capabilities to contribute as well as their awareness of the need to
contribute. I thus also expect the following:

Hypothesis 2: Attendees of work-related offline meetups increase their contributions
more than attendees of social meetups after attending.

In the context of Wikipedia, a number of studies have shown the benefit of positive so-
cial feedback such as symbolic recognitions in the form of barnstars [49, 50] or careful and
polite newcomer socialisation [51, 52]. Only few previous studies have, however, explored
the role of face-to-face meetings and their effect on users’ editing behaviour. Stegbauer
[13] collected data on 240 different meetups with 750 different attendees. Contrary to his
expectations, he finds that around 60 per cent of users, who have taken part in meetings,
decreased their activity on Wikipedia, measured in the number of edits in the month after
the meetup compared to activity in the month before (calculating bivariate associations).
More detailed analysis shows that users who later become administrators increase their
activity while only those who do not become administrators decrease it. Stegbauer [13,
Chap. 15] also mentions as anecdotal evidence that users report that meetings are inte-
gral in deciding on new administrators and in suggesting who should be nominated. The
findings of Stegbauer [13] thus seem mixed: meetups can either lead to a withdrawal from
the community, but they can also fuel further engagement, culminating in the promotion
to an admin. Analysing interview data from an editathon—a typical work-related meetup,
Littlejohn et al. [53] highlight that the personal relationships made at these events are im-
portant to some of the participants when continuing to edit Wikipedia, and Farzan et al.
[54] find that Wikipedians joining the site as part of an editathon stay slightly more active
(in the short time frame observed). Several studies have focused on the Wiki Education
Project, which does not promote offline meetups of existing editors, but is designed as a
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online program where college instructors assign students in their classes to edit Wikipedia
articles collaboratively in an offline environment. This socialisation program which in-
cludes tutorials, trainings, costructive guidance from Wikipedia staff, and cohort support,
leads to generally positive outcomes: students in the Wiki Education Project make more
edits, perform at higher quality, and are more likely to continue editing Wikipedia even a
year after the program compared to editors which joined Wikipedia the conventionl way
[55]. Students in college classes which promoted a collabortive work environment had
even greater gains than those who promoted independent work.

In the following, I will focus on informal meetups within the German-language
Wikipedia and test how meetup participation affects sustained contributions in the form
of quantity of edits on Wikipedia.

3 Methods and data
This study aims to identify a (causal) effect of meetup attendance on productivity. This
section will describe the data used, particularly focusing on meetups and productivity,
and describe the analytical, quasi-experimental approach.

3.1 Online activity
All online actions contributors undertake on Wikipedia are logged. The activity of
Wikipedians is measured via edits recorded in the meta data dump1 using the stub history
meta files. These retain information on which user edits which article to what extent and
at what point in time without including the actual text data.

To measure activity, I counted all edits undertaken by users who are registered on
Wikipedia. To assess the effect of meetups on editing behaviour, three different time
frames are being analysed: a very short time frame of one week (7 days), a medium length
time frame of one month (28 days), as well as a long term time frame of one year (364 days).
In practice, this means that all edits in the week up to the meeting have been counted, all
edits in the month up to the meeting, and all edits in the year up to the meeting, as well
as the number of edits in the corresponding time frame after the meetup. Activity on the
day of the meetup was excluded. These time frames are chosen as the weekly and monthly
changes in editing behaviour have been used in previous research [13, 54]. They represent
a short and a medium time frame. The yearly time frame allows for a long-term perspec-
tive which previous research has usually not considered.

As Wikipedia is separated into different namespaces with different functions, two mea-
sures of activity are differentiated in the following: total activity across all namespaces and
mainspace activity. The latter refers to productive edits made only on articles, while the
former also includes activity on discussion pages, meta pages and others.

As this study is concerned with sustained contributions and not with newcomers, users
who have never made an edit before taking part in a meetup will be excluded from the
following analyses (i.e. users must have made at least one edit in any namespace before
taking part in the meeting to be included in the analyses). As the range of activity levels
on Wikipedia is wide and the distribution of the number of edits is thus very skewed [see
for research on this e.g. 2, 11], I run a robustness check where I excluded the most active
2 per cent of users.

1Data dumps provided by the Wikimedia Foundation offer well-structured data exports of different facets of Wikipedia.
See for the German-language version of Wikipedia https://dumps.wikimedia.org/dewiki.

https://dumps.wikimedia.org/dewiki
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3.2 Offline activity: meetings and meetup attendees
This article makes use of the offline meetup data described in Schwitter [12]. Most offline
gatherings between Wikipedians are organised on Wikipedia itself on dedicated organi-
sational pages. The dataset collected by Schwitter [12] covers (almost) all offline meetings
between 2001 and 2020; excluded are only those meetings which took place in community
hubs and where the same small group of users repeatedly attended very regular meetings
(and which lack a rigorously maintained list of attendees which is typical for other meet-
ings). For all recorded meetings, the dataset contains information on which user signed up
to attend which meeting at what point in time. Overall, the dataset contains information
on 4418 meetups organised within the German-language version of Wikipedia. For the
following analyses, I exclude ten very large meetings (the Wikimanias and WikiConven-
tions). The list of attendees of these very large meetings tend to be much more unreliable
as the option of registering is often also used to just signal interest.

The 4408 meetings in my data thus contain all smaller-scale gatherings organised within
the German-language version of Wikipedia. The first meeting recorded took place on Oc-
tober 28th 2003 with five attendees in Munich, the last ones took place on March 13th
2020—just before social distancing restrictions due to the outbreak of the Coronavirus
pandemic were introduced—with three attendees in Cologne and with four attendees in
Leipzig. This data includes both, events with a social orientation, where people primarily
meet to get to know each other, as well as more work-oriented meetings, where Wikipedi-
ans get together to improve and directly work on Wikipedia. Thus, social meetups are
meetups that have an inherently social component, such as the classic informal meetup
(Stammtisch), parties and celebrations, yearly meetings, hiking trips, barbecues and simi-
lar. Work meetups are generally organised with the intention to improve Wikipedia (such
as editathons, open editing events, workshops, photo tours, etc.). In the data, 77% of the
meetups are classified as mainly social while the other 23% are considered work meetings
(however, this distinction is not clear-cut and there is a subjective component).

Who are the editors who took part in these meetings? 4013 users have joined at least
one offline meetup and 2167 users partook in more than one Wikipedia meeting. If a user
took part in meetings, they on average joined 9.2 meetings in total (mean; median of 2,
standard deviation 21.1) with a minimum of 1 and a maximum of 289 meetups.

Before ever taking part in a meetup, users had been active on Wikipedia on average
for 921.24 days (days since their first edit; median 489.37, standard deviation 1125.16,
minimum -3824.06, maximum 5968.19). This means some users partook in a meeting
about 10.5 years before they made their first edit in the German-language version of
Wikipedia, while others had already been on Wikipedia for over 16 years before meet-
ing other Wikipedians face-to-face. Users who have made their first edit after attending a
meeting will be excluded from this study as this would explain initial contribution instead
of sustained contribution (out of 4013 users, 3724 users have made an edit before attend-
ing their first meeting). In total, there are 36364 observations of users partaking in meet-
ings (excluding observations where a user joined a meeting before their first edit). Users
might have partaken in meetings before making their first edit for a number of different
reasons: users might be active in other language versions or sister projects of Wikipedia
and have only signed up to the German-language Wikipedia to read more about a meetup;
non-registered people might accompany an already active user (as friend, spouse, etc.) but
then also decide to sign up; (joke) accounts which do not belong to humans (but instead
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to e.g. dogs); users partook in meetings advertisded elsewhere (e.g. editathons organised
via a library or other institutions) and then decided to sign-up; or it might also refer to an
error in the data.

3.3 Control group and control variables
This study is concerned with the (causal) effect of attending offline meetings on the con-
tributing behaviour of single actors. To allow the identification of a treatment effect, a
control group is created to follow a quasi-experimental approach. However, it needs to
be noted that reverse causality and possible self-selection biases can still threaten causal
inferences.

To identify effects, meetup attendees are compared with comparable control users.
Comparing the meetup attendees with the full population of Wikipedia users is compu-
tationally too expensive as there are over four million registered users. The goal of the
matching approach was thus to subset the data in such a way that differences in pre-
meeting variables between treatment (meetup attendees) and selected control group (non-
attendees) are minimised. The control group of comparable users is constructed by match-
ing meetup attendees with the most similar others in the population of German-language
Wikipedia users using covariate matching [56].2 The population of potential matchable
non-attendees only includes users who did not take part in any meetups (and were never
recorded to do so in the data). The matchable non-attendee was found by comparing users
based on the following five features:

1. days since registration,
2. sum of activity (number of edits) in the article mainspace of Wikipedia since

registration up until the day of the meetup,
3. sum of activity (number of edits) anywhere but the article mainspace since

registration up until the day of the meetup,
4. recent activity in the article mainspace of Wikipedia before the day of the meetup

(number of edits in the last seven days, the last month, the last two months, and last
year), and

5. recent activity anywhere but the article mainspace before the day of the meetup
(number of edits in the last seven days, the last month, the last two months, and last
year).

Each of these five features was assigned an equal weight of 20 per cent (for the recent
activity, each of the four time periods was weighted 5 per cent). The most similar other
user was identified and selected as a control non-attendee. Users were compared using a
distance measure based on ordinary least squares between Wikipedian X who attended a
meetup and all those who have never attended a meetup and are not already a matched
non-attendee for another user at that specific meetup. In case multiple users have an iden-
tical minimal distance to Wikipedian X, one of them was chosen randomly. A meetup
attendee can have different matches for different meetups.

The effectiveness of the matching process was evaluated using standardised mean differ-
ences (SMD) across covariates, where values below 0.1 generally indicate negligible differ-
ences between groups and suggest adequate balance. Figure 1 presents the SMD for each

2In contrast to the popular propensity score matching [see e.g. 57], covariate matching is computationally less expensive:
in the case of Wikipedia, there are many registered users who need to be matched to the meeting attendees at over 4000
different points in time. This leads to a very large pool of observations for which a propensity score would need to be
calculated.
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Figure 1 Standardised mean differences between treatment and control group after matching

covariate after matching (see also Table S1 in the appendix which provides descriptive
information on all independent and dependent variables included in the models for the
treatment and the control group separately). Most values fall below the 0.1 threshold after
matching, indicating that the matching procedure was relatively successful in balancing
the covariates between the treatment and control groups. However, there is a very no-
table difference in the proportion of administrators per group (29 per cent of users in the
treatment group had been administrators and 14 per cent in the control group).

Given that the matching was not done on exact matches and some differences remain,
further control variables are included to control for the lack of balance. I control for the
previous total level of activity up to the time of the meeting and tenure which is measured
as years passed since a user’s very first edit. I also control for the year of the meetup as
fixed effects. I have also measured whether a user has ever been, is or will ever be an
administrator of Wikipedia; an additional interaction is included to test whether this can
influence the effect of a meetup [as shown by 13]. To further test for differing treatment
effects, I include an indicator (and interaction) on whether the meetup is of a work or
social nature. A differentiation will further be made between the very first meetup of a
user and all other meetups when assessing contribution behaviour to explore whether the
first meetup has a particularly strong effect on creating an identity as a Wikipedian; this
also allows for better comparison with other studies which have just assessed effects of
one/the first meeting [13, 54].

3.4 Statistical approach
To answer the research question on the effect of meetup participation on contributing
behaviour, the treatment group of attendees was assigned a control group of coparable
non-attendees. Making use of the control group allows for a quasi-experimental design.
A difference-in-differences (DiD) approach will be used to assess the effect of meetups on
productive behaviour: changes in behaviour before and after the meetup will be compared
across the actual attendees (= treatment group) and the matched non-attendees who have
not attended the corresponding (any) meetup (= control group). A DiD estimate is the
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difference between the change in outcomes before (pre) and after (post) a treatment in a
treatment versus a control group [58, 59]:

(ȳPOST
TREAT – ȳPRE

TREAT ) – (ȳPOST
CONTROL – ȳPRE

CONTROL).

This measure corresponds to the estimated coefficient on the interaction between a
treatment group dummy (treati), indicating whether user i belongs to the treatment group,
and a post-treatment period dummy (postt), indicating whether the observation occurs af-
ter the treatment, in a regression:

yit = β1 + β2(treati) + β3(postt) + β4(treati ∗ postt) + εit .

In this specification:
• yit represents the outcome variable for individual i at time t,
• treati is a dummy variable that equals 1 if individual i belongs to the treatment group

and 0 otherwise,
• postt is a dummy variable that equals 1 for the post-treatment period and 0 for the

pre-treatment period,
• treati × postt is the interaction term capturing the effect of the treatment on the

treated group after the intervention,
• εit is the error term.
This formulation allows β4 to capture the difference-in-differences estimate, which re-

flects the impact of the treatment on the outcome. To test for heterogeneity in the treat-
ment effect (i.e. the effect of adminship and the type of meeting), triple interaction terms
are included in the model which interact the treatment group dummy, the post-treatment
dummy, and the variables of interest.

The DiD approach requires that the parallel trend assumption is fulfilled, meaning that
in the absence of treatment, the treatment and control groups would have followed similar
trends over time. Figure 2 presents the pre- and post- treatment trends for both groups
and both dependent measures, i.e. number of edits within the German-language version of
Wikipedia, in the article mainspace (left) and across all namespaces (right). Average num-
ber of edits for each month are shown. Visual inspection of the plot shows that the trends
for the outcome variable were largely parallel before the introduction of the treatment.
The treatment group had always bee more active, on average, than the control group, but
the number of edits were developing very similarly in the year leading up the meetups.

As the data exhibits a multilevel structure [60] with attendance at meetups being nested
in users, multilevel models with random intercepts for each user are estimated.

To assess the changes in productivity, I break the process into two separate parts, some-
what similarly to the approach followed in hurdle models [61]. First, I focus on all those
users who have not made an edit in the week/month/year before the meetup and dichoto-
mously model the decision of whether they make any edits after the meetup. A multilevel
linear probability model (LPM) is used to model this decision [62, 63]. While LPMs exhibit
some shortcomings, the computation and the interpretation of a DiD estimates and inter-
actions effects are more straight-forward in linear models [64]. Non-linear DiD methods
have been suggested but come with their own non-negligible complexities and challenges
[65, 66]. The essential issue of heteroscedasticity is addressed using robust standard er-
rors, employing the original form of the sandwich estimator [67].
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Figure 2 Number of average monthly edits in the year around meeting

In the second step, only users who have made an edit in the specified time frame be-
fore the meetup are included and the change in the extent of editing is analysed using
a multilevel negative binomial model. The negative binomial model is particularly well-
suited because the dependent variables—the number of edits—are count variables that
are overdispersed, meaning the variance exceeds the mean. The model deals effectively
with skewed data [68]. The coefficients from the model are interpreted as changes in the
log of the expected number of edits.

This hurdle model like approach allows for the separation of the two distinct behaviours
of users: first, whether users who have not edited in a certain timeframe and thus had some
sort of break from Wikipedia resume editing after the meetup, and second, how the extent
of editing activity changes for users who were already active. The first binary component
examines the decision to re-start participation after a period of inactivity, which is an im-
portant indicator of the meetups’ effectiveness in re-engaging users who had temporarily
disengaged from the platform. The second part focuses on the intensity of activity among
those who were already active before the meetup, allowing to assess how the meetup influ-
enced the volume of contributions. The approach thus separates the decision to re-engage
from the level of ongoing activity.

In addition to the DiD model, I follow the lagged dependent variable (LDV) approach
to bound the causal effect (58, 243–247; 69, 70). In these model formulations, I control for
the lagged level of activity in the period (in the week, the month, the year) before. Ding
and Li [70] show that the DiD and LDV approaches share a bracketing property and can
be used to calculate bounds on the causal effect. The model results for the LDV models
as well the DiD models excuding outliers can be found in the Additional file 1. The main
effect of meetups remains relatively stable across all model specifications.

4 Results
How do users’ contributing activity on Wikipedia change after taking part in a meetup?
This will be explored in the following: first, I will compare the before and after levels of
productivity around a user’s first meetup, and then discuss changes in activity across all
meetups. After showing bivariate relationships, I will present multilevel models.
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Table 1 Changes in editing activity after first meetup compared to activity before

Topic Group 7 days 28 days 364 days

Changes in editing
behaviour after first
meetup: mainspace

Treatment 0.32 (51.87) 4.18 (172.95) 103.80 (8.44)*
0 0 0
-1407 / 905 -2916 / 4385 -18294 / 57852

Control -1.85 (39.48)*** -8.95 (128.51)*** -89.09 (1262.75)***
0 0 0
-819 / 487 -1973 / 1877 -15624 / 23170

Difference
Treatment -
Control

2.17* 13.13*** 192.86***

Changes in editing
behaviour after first
meetup: total

Treatment 2.19 (69.0)+ 5.57 (210.32) 210.7 (2765.83)***
0 0 0
-1424 / 1470 -3100 / 4341 -19263 / 57456

Control -3.80 (48.54)*** -16.60 (171.71)*** -150.1 (1801.07)***
0 0 0
-818 / 637 -2725 / 1919 -35483 / 24173

Difference
Treatment -
Control

6.00*** 22.17*** 360.75***

Given are mean (standard deviation), median, minimum / maximum for treatment group (n=3724) and control group
(n=3718; some control users acted as controls for multiple meetup attendees). + denotes significance on 10 per cent level, *
on the 5 per cent level, ** on 1 per cent level, *** on 0.1 per cent level.

4.1 Bivariate results
Based on first-time meetup goers, attendees increase their activity after taking part in the
meetup both in the article mainspace as well as across all namespaces. All changes are pos-
itive, and while not all changes are significantly different from zero (which would reflect
no change compared to their activity before the meetup), all changes are significantly dif-
ferent from the changes observed in the control group which decreased their activity (see
Table 1). However, it needs to be noted that there is a very large variance in the changes
in the number of edits, reflecting some skewness in the data which make simple, bivariate
comparisons less straightforward.

Looking at all meetups, meetup attendees make slightly more edits in the week after
the meetup (both across all namespaces as well as the mainspace), but again reduce their
editing activity in the longer time frame. However, it is important to compare these nega-
tive numbers to those of the matched non-attendees: the control group also significantly
reduces their activity in all time frames after the meetup. Compared to the control group,
the reduction in the treatment group is smaller, but only significantly so in the short- and
medium time frame when focusing on all namespaces (see Table 2).

4.2 Multivariate results
For each of the three time frames analysed, a multilevel LPM is estimated on those users
who have not made an edit in the corresponding time frame before. This means, the prob-
ability is estimated that someone who has not edited in the week (month/year) before the
meetup makes an edit in the week (month/year) after the meetup. In a second step, only
users who have made an edit before will be analysed. Using a negative binomial model
with random effects for users, it will be checked to what extent users who have shown
some activity before the meetup changed the extent of their editing behaviour. In each of
the models, meetup attendees will be compared with the matched control users consisting
of similarly active non-attendees.
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Table 2 Changes in editing activity after meetups compared to activity before

Topic Group 7 days 28 days 364 days

Changes in editing
behaviour after any
meetup: mainspace

Treatment 0.26 (78.08) -2.33 (274.76) -211 (3010.81)***
0 0 -36
-2956 / 5199 -18339 / 7918 -302092 / 73055

Control -0.057 (141.17) -4.09 (269.49)** -236.5 (1741.17)***
0 0 -24
-2419 / 25166 -8110 / 38803 -68763 / 53296

Difference
Treatment -
Control

0.32 1.76 25.53

Changes in editing
behaviour after any
meetup: total

Treatment 1.17 (93.68)* -3.88 (313.71)* -361.6 (3482.71)***
0 0 -75
-3145 / 5243 -18175 / 8501 -302571 / 73605

Control -0.79 (146.06) -8.87 (300.68)*** -389.7 (2411.32)***
0 0 -45
-2420 / 25218 8119 / 38841 -68841 / 53355

Difference
Treatment -
Control

1.96* 4.99* 28.10

Given are mean (standard deviation), median, minimum / maximum for treatment group (n=37216) and control group
(n=36533; some control users acted as controls for multiple meetup attendees). + denotes significance on 10 per cent level, *
on the 5 per cent level, ** on 1 per cent level, *** on 0.1 per cent level.

Two models are presented in the form of coefficient plots (result tables can be found
in the Additional file 1). In the first one, only the single DiD treatment effect is estimated
(model in green). The second model includes additional control variables and assesses
whether the treatment effect depends on the type of meeting attended and whether the
user is an administrator (model in red). Estimation results are shown in coefficient plots,
differentiating binary (top) and continuous (bottom) models, as well as models concern-
ing only the article namespace (left) and those looking at activity across all namespaces
(right). The continuous models only include editors which have made at least one edit in
the corresponding time frame before the meeting. The effect of control variables is not
depicted but can be found in the corresponding tables in the Additional file 1.

Short term effect: one week Figure 3 displays the short term effect of meetups on editing
behaviour of Wikipedians. The binary models show the estimated effects for a user who
has not edited in the seven days before the meetup. The results suggest that a user is sig-
nificantly more likely to contribute towards Wikipedia in the seven days after a meetup if
they went to the meetup, i.e. they are in the treatment group instead of the control group.
The probability for a user to make an edit in the article namespace in the week after the
meetup if they have not edited in the week before lies at 16.7 per cent if they are in the
control group, and rises to 33.4 per cent if they actually took part in the meetup. Across
all namespaces, the probability to edit increases from 16.2 per cent to 42.0 per cent. These
differences of 16.8 and 25.7 per cent respectively reflect the average treatment effect on
the treated (ATT; model with only treatment effect).

Users in the control group make on average 11.9 per cent fewer edits in the mainspace
after the meetup, as indicated by the negative binomial coefficient of -0.126, while atten-
dees make, on average, 21.4 per cent more edits (0.194); across all namespaces, users in
the control group make on average 12.0 per cent fewer edits (-0.128), while the number of
contributions of attendees increases (17.8 per cent, coefficient of 0.164).
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Figure 3 Change in editing behaviour after attending meetup (one week) including a 95 per cent
confidence interval (based on table S2 in the Additional file 1)

Further, users taking part in a meeting become more likely to start editing both across all
namspaces and in the article namespace when taking part in a work-related meeting, but
the extent of editing is not affected. Users attending their first meetup on average increase
their editing behaviour even more after their first meetup than after any other meetup.
This effect cannot be found for the article mainspace. This might suggest it is not the
number of actual productive edits which increases, but edits in other namespaces which
potentially refer to the meeting itself or discussions with others. While administrators
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Figure 4 Change in editing behaviour after attending meetup (one month) including a 95 per cent
confidence interval (based on Table S3 in the Additional file 1)

tend to make more edits across all namespaces—whether they have attended a meetup or
not—they tend to increase their activity less after a meetup.

Medium term effect: one month Looking at a longer time frame, I again find positive ef-
fects of the treatment (see Fig. 4; focusing on the treatment model): considering users who
have not edited in the month before a meetup, they become more likely to edit after the
meetup if they have taken part (i.e. are in the treatment group). The predicted probability
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to contribute in the month after the meetup increases from 14.4 per cent to 36.6 per cent
in the mainspace, if the user is in the treatment instead of the control group. The prob-
ability to edit any site in the German-language version of Wikipedia increases from 13.6
per cent to 41.2 per cent.

Comparing the month before with the month after the meeting, users in the control
group make on average 85.7 per cent (coefficient of -1.95) fewer edits in the mainspace
(13.6 per cent fewer edits across all namespaces, coefficient of -0.15), while meetup atten-
dees make only 78.4 per cent fewer edits in the mainspace (21.0 per cent more edits across
all namespaces; coefficients of -1.53 and 0.19).

Focusing on the full model, there is a positive effect of the first meetup on the extent of
edits when looking at all namespaces. Further, users who had ever been administrators are
more likely to re-engage after a meeting if they had not been active in the month before,
but, in line with the shorter term model, they tend to increase their activity less after a
meetup than other users. The models do not show notable differences between work and
social meetings.

Long term effect: one year Lastly, how does the activity one year after a meetup compare
to the activity one year before? This is the longest trend that will be analysed; the estimated
effects are shown in Fig. 5. In general, it is only seldom the case that users who have not
made an edit in the past year will do so in the next. In fact, it was never the case when
focusing on total edits so that no model was estimated for this specific case.

Looking at the mainspace model (including only the treatment effect), the baseline prob-
ability to edit in the next year is 5.7 per cent if the user did not take part in a meetup,
and rises to 26.7 per cent if they did so. Again, there is a positive effect of taking part in a
meetup, even in this very long term. Given the long time frame, it is important to note that
other things could have also changed in the year (e.g., a user could have become admin-
istrator, taken part in more meetings, started working on a new subtopic, become retired
and thus gained more time, etc.).

While few people start editing who have not edited before, many more change their
editing behaviour which feed into the bottom models in Fig. 5: again (focusing on the
model which includes only the treatment effect), users who took part in a meetup edit
more. While members of the control group make on average 25.9 per cent fewer edits in
the mainspace (and also 25.9 per cent fewer edits across all namespaces; coeffcients of
-0.30) in the year after the meetup, meetup attendees make 22.1 per cent more edits in the
mainspace and 24.6 per cent more edits across all namespaces (coeffients of 0.20 and 0.22,
respectively).

Also, there is a positive effect of the first meetup in the models analysing the extent of
changes in editing behaviour. Even when looking at this long term trend, there is a negative
effect of adminship, but no effect of whether the meeting was work-oriented or of a social
nature.

In all binary models, the effect of being in the treatment group is positive and highly
significant. This also holds for the DiD interaction of time and treatment in the models
which focus on the extent of changes.

5 Discussion and conclusion
This paper has investigated to what extent offline meetups influence the productive online
behaviour of Wikipedians. It was analysed how users change their editing behaviour after
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Figure 5 Change in editing behaviour after attending meetup (one year) including a 95 per cent confidence
interval (based on Table S4 in the Additional file 1)

a meetup in comparison to before. Comparing meetup attendees with a control group
composed of comparable non-attendees, I found that across all time frames observed
(one week, one month, one year), attending an offline meetup has a positive statistical
effect on the contribution behaviour of users, supporting hypothesis 1. It is not neces-
sarily the case that users increase their contributions after a meetup in comparison to
before the meetup—while, bivariately, this holds true on average for the very first meetup
a user attends, it is not the case when looking at all meetups—their reduction in contri-
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butions is less than the reduction users of the control group experience. The difference-
in-differences design revealed that even though there is a general trend to decrease edit-
ing activity across time, this decrease is significantly smaller for the treatment group of
meetup attendees. Generally, users attending a meetup are much more likely to start con-
tributing again after a meetup if they have not been editing articles before compared to
non-attendees. This finding thus provides some support for the theoretical framework
presented by Crowston and Fagnot [28]: after attending an offline meetup, which reflects
an increased commitment to the project and the people, users increase their contribu-
tions and effort spent. Making users identify with the community—and one of the ways
for identification being offline interactions—is important for sustained contribution to the
online public good [30].

Concerning the comparison of work-related meetings with social meetings, there is only
little support for hypothesis 2: attending a work-related offline meetup has a stronger, pos-
itive effect on editing behaviour than social meetings in the short time frame of one week.
However, this is only in terms of re-engaging with the platform and not in terms of the ex-
tent of editing. When looking at the longer time frame of one month or one year, there are
no significant differences between users attending a work or a social meeting. It is impor-
tant to note that my analyses excluded activity on the day of the meetup: while work meet-
ings like editathons generally lead to the production of edits and thus an increase in activity
for users on that day [as users work collaboratively on Wikipedia during the meeting, see
e.g. 53], my analyses show that this does not translate to sustained differences. Following
the framework of Crowston and Fagnot [28], a work meeting might not be improving a
person’s capabilities to contribute towards user-generated content, but rather highlight
potential gaps which need contribution. This could then explain that short-term effort is
directed towards filling those gaps in the near future (i.e. the days after the meetup). It
might well be that users substitute their usual editing activity instead of increasing it to
address newly identified gaps. On the other hand, the positive impact of social meetups
on editor productivity, which are equal to the effect of work meetups in the longer term,
highlights the value in community-building.

In summary, there are positive effects for the community of Wikipedians after face-to-
face meetings. In comparison to a matched control group of users, users who attended a
meeting become or remain more active in the project. In contrast to other online commu-
nities [like those studied by 20, 23], offline gatherings do seem to support the community.
These results suggest that users might feel more attached to the project after taking part
in meetings and that the development of offline social capital is advantageous. The gen-
eral decline found in the activity levels of users holds across open-source communities
and peer production projects. This study again reiterated this finding for the German-
language version of Wikipedia. Based on the framework of Crowston and Fagnot [28], it
might well be that users do not see a need to contribute after the initial edits they made
and that these edits have not led to any identification with the project. Given that the dif-
ference in the number of edits between users attending a meetup and those not attending
one is minimal, and that relativel few users attend meetings at all, the overall benefit of
offline meetings appears limited.

This study has several limitations which also offer future research opportunities. This
study has compared before and after levels of activity in different time frames around a
meetup. It is important to highlight that it is not possible to draw causal claims with the
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observational digital trace data used in this study as there might be self-selection biases
at play. As users are not and cannot be randomised into attending meetings, other un-
observed factors may drive the relationship between meetup attendance and editing be-
haviour. For instance, users who are more interested in Wikipedia or have more free time
may be more inclined to attend meetings. However, these users may also just edit more
due to their inherent interest in the platform and the fact that they have the time to do so.
While the most similar non-attendees were selected as control users in this study, match-
ing could not overcome all differences. Future research might focus on profiling users
which attend such offline events to better understand the composition and motivation of
this group of people.

Beyond this, other statistical appraches could be feasible and might lead to more fine-
grained results concerning the short and long term effects of meetups. For example, the
collection of daily activity rates could be used in an interrupted time series approach [71].
This would allow assessing whether a meetup works as a sort of shock. The timing of mee-
tups itself could also be considered to allow for more advanced panel data analysis with
the meetup as an event to assess dynamic treatment effects [see also 59]; the different
treatment times were not considered in this study beyond the inclusion of a year fixed ef-
fect. Further research could also explore the effect of multiple meetings on one person, i.e.
the idea that a treated observation can become re-treated and whether there are potential
diminishing returns of attending meetups. Relatedly, when matching attendees to com-
parable non-attendees, the matched users were always users who never partook in meet-
ings. Another approach would be to match users who have had an identical treatment
history, i.e. attended the same number of previous meetings (at the same time) [see for
such discussions in the recent experimental methodological literature e.g. 72]. However,
when following this approach, the pool of potential matchable users would have shrunk
enormously, as those going to more than one meetup could only be compared with the
pool of other meetup goers. Such a matching procedure allows to better assess the effects
of additional meetups on a user.

In my data, I observe activity data of all users ever active on Wikipedia in its twenty
years of existence. Across the years observed, user data is retained, and Wikipedia ac-
counts are generally not deleted. From a technical perspective, there is thus no dropout
from this longitudinal dataset. However, over time, many users stop being active: they stop
contributing towards the online encyclopaedia, or they might also stop attending offline
meetups. In my analyses, I have considered long-term changes in behaviour and I consid-
ered who started to contribute after meetings, however, I have not specifically addressed
a withdrawal from online and/or offline components of the project. In this regard, future
research can focus on leavers of the website and contrast them with those who remain
active. In line with other research on Wikipedia, I had to exclude anonymous editing as
anonymous edits cannot be ascribed to a specific user. However, it might be the case that
users edit anonymously, then attend a meeting, and then sign up. Such dynamics are im-
possible to capture with the data at hand.

Further, newcomers—defined as users not having made an edit before taking part in a
meetup—have been excluded from this study. The analysis could be extended to specifi-
cally focus on newcomers [like the study of 54], comparing the Wikipedia trajectories of
those starting with an offline encounter with a comparable control group of users who
have registered at the same point in time but who have not taken part in a meetup. Such
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an analysis can provide insights into explaining initial editing. Also, I have only focused
on the change in the number of edits—further studies could look at the quality of edits.
This would allow us to find out whether the quality of edits increases after a collaborative
editing event such as an editathon.

Lastly, there might also be some biases in the data. Meetup attendance in the dataset of
Schwitter [12] was collected from the registration of interest written before the meetup
took place. It is, of course, not mandatory to sign up for a meeting before attending; it is
also not mandatory to attend after registering or deregister if not attending. It can thus be
expected that there are some errors in the attendance lists.

This paper provides the first large-scale analysis of the effect of informal meetups within
a community focused on a peer production project. The study took the German-language
version of Wikipedia as an example case—extending this line of research across other
projects is an important next step. Contrary to findings in other online communities, this
research revealed a positive influence of meetups on individual contribution behaviour
within Wikipedia. Rather than undermining the community, offline gatherings serve to
bolster the remarkable success of this online public good through the cultivation of offline
social capital. Future research should employ qualitative or mixed-method approaches to
study why and through what mechanisms meeting attendance translates into sustained
contribution, which will deepening our understanding of collaborative online environ-
ments.
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