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Abstract. Volunteered Geographic Information (‘VGI’)
and crowdsourcing are integral for projects such as Open-
StreetMap (‘OSM’). However, despite the wide use of
OSM as one of the most successful crowdsourcing plat-
forms, the under-representation of certain demographic
groups amongst those who contribute information may
ultimately mean this information favours the interests of
some groups over others. This can result in misleading
conclusions for analyses conducted on the basis of these
data. This paper connects OSM user contributions to de-
mographic data collected via a survey. It shows that, in
relation to geographic diversity of contributions, men and
women demonstrate distinct trends over time. It then con-
siders the extent to which this observed pattern can be seen
as influenced by the COVID-19 pandemic. In this regard, it
concludes that there does not appear to be a distinct ‘pan-
demic effect’ divergent from longer-term trends.
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1 Introduction

Previous research has highlighted the potential biases
present within crowdsourcing platforms such as OSM,
with particular socio-demographic groups being more
likely to contribute (Haklay, 2010; Wood, 2014). This may
lead to the information contained within such platforms
being skewed towards the interests of certain groups and
the omission of others (Lin, 2015; Haklay, 2016; Basiri
et al., 2019). This can have implications for analyses un-
dertaken on the basis of these data.

A number of studies have attempted to evaluate this con-
cept, in relation to OSM and other crowdsourcing plat-
forms (Stephens, 2013; Das et al., 2019; Gardner et al.,
2020). However, a key issue which sometimes receives

less attention is the change in users’ behaviour over time.
This paper focuses on studying changes in the behaviour
of OSM contributors over time, with a specific focus on
the extent to which trends in user contributions might dif-
fer by gender. Previous work has demonstrated that gender
effects may be prominent in contributor behaviours, and
as the OSM contributor community demonstrates such a
heavy gender skew, this means it is particularly important
to establish patterns in the behaviour of these contributor
groups (Stephens, 2013; Gardner et al., 2017; Gardner and
Mooney, 2018; Das et al., 2019).

Employing geographic diversity of edits as a metric for
one type of contributor behaviour demonstrates that users
(self-identifying) as male and female exhibit divergent
trends in the geographic breadth of their contributions
since 2017. These trends appear to have continued through
the period of disruption accompanying the COVID-19
pandemic; and whilst they may have been aggravated by
the effects of the pandemic, there does not appear to be a
‘pandemic effect’ divergent from longer-term trends.

2 Motivations and Background

OSM is one of the most successful examples of VGI to
emerge from a new technological landscape which in-
creasingly draws on crowdsourced data (Yan et al., 2020;
Biljecki et al., 2023). It now contains over 28 billion
GPS points (as reported by PlanetOSM), as well as other
geospatial and descriptive information. All contributors to
OSM are registered as users, but a comparatively small
proportion of users are consistently active contributors.
This means that the information collected by OSM is used
by a large number of people worldwide, including over
10 million registered users, and further users who access
OSM on an ‘ad hoc’ basis.

As research such as Cohen (2011) and Comber et al.
(2016) has highlighted, just because crowdsourcing
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projects (such as OSM) are typically open to all individ-
uals to contribute, this does not mean that contributions
are actually drawn from a balanced cross-section of the
population. Whilst OSM users are not required to provide
demographic information when they register, various au-
thors have estimated that a significant majority (around 96
percent) of contributors are male (Budhathoki, 2010; Hak-
lay, 2010; Schmidt and Klettner, 2013). This is important
because of the potential for ‘self focus’ biases (Hecht and
Gergle, 2009; Das et al., 2019). Bégin et al. (2013), for ex-
ample, suggest that VGI contributors make choices that are
in their own interests (such as the mapping of roads, hik-
ing trails, etc.), depending on their own preferences and
motivations, in choosing the areas and features to which
they will contribute. If there are similar effects on con-
tributions as a consequence of socio-demographic profiles
then biases in contributors may be translated into biases in
contributions.

There is already evidence that men and women contribute
to OSM in different ways. Gardner et al. (2017), Gard-
ner and Mooney (2018), and Gardner et al. (2020) found
that men and women were likely to demonstrate differ-
ent behaviours in terms of the types of contributions they
made to OSM (such as tendencies to create, modify, or
delete information; or to focus on specific types of fea-
tures, such as ‘nodes’, ‘ways’, or ‘relations’, as described
by the OpenStreetMap Wiki). Das et al. (2019) also argue
for gender biases in contributions to urbanised and rural
areas. More recently, Sutton et al. (2023) have suggested
that contributors with different socio-demographic charac-
teristics (gender, age, and education) contribute different
types of changesets to OSM as well as offering different
geographic dispersions of edits.

However, one element of Sutton et al.’s analysis which
has the potential to influence their conclusions is the is-
sue of change over time. As the method of identifying
users employed by Sutton et al. involves linking survey
data to OSM usernames, this results in all contributions
by a single user being identified, regardless of when the
survey was carried out. Considering all the contributions
made by a single user is important for understanding the
types of information they provide, but it is also possi-
ble that their behaviour may evolve throughout the period
they contribute. For example, a user may have different ca-
pacities to contribute changes to OSM at different stages
of their life. This can even vary among or within demo-
graphic groups. As different demographic groups were af-
fected by the COVID-19 pandemic disproportionately, it
might also be worth studying if contributing to OSM was
influenced by other external factors, such as national ‘lock-
downs’.

The geographic scope of a user’s contributions may also
differ over time as an outcome of a change in confidence in
their own abilities. Generally, crowdsourcing projects have
a low expertise barrier for contributors, in that they provide
various tools to aid users without the need for extensive
technical experience. However, Hacar et al. (2018) argue

that more detailed contributions are made by the contribu-
tors with more experience, the types of contributions also
change depending on the level of experience, and partici-
pants with less experience contribute to places with fewer
details.

In response to life-stage, external stimuli and learning ef-
fects (which are not mutually exclusive and may occur
in combination), it is likely that contributor behaviour is
not static and evolves with the user. Therefore, studies of
user contributions must address two related but distinct
time-series issues: have the types of contribution made by
different groups of contributors in general changed over
time? And do the contributions of specific users evolve
over their period of activity?

3 Data

The dataset for this paper is created from the combina-
tion of two sources: Gardner et al. (2017)’s OSM demo-
graphic survey, and OSM ‘changesets’ accessed via the
OpenStreetMap API. The former asked OSM users to vol-
unteer basic demographic information: gender, age, coun-
try of residence, nationality, and highest level of education.
They were also asked to provide their OSM username,
which was then used to link their demographic informa-
tion to the latter source, which provides details of their
OSM contributions.

Once duplication, irreconcilable OSM usernames, and
lack of OSM contributions associated with the identified
user account are considered, the survey yields 267 OSM
contributors with demographic information – although
given the focus on gender in the following analysis, a fur-
ther three users who responded ’Prefer not to say’ to this
question are not utilised. It is possible that these individ-
uals would have preferred to select a non-binary gender
category, but this was not given as an option in the orig-
inal survey – and even if this were to be the case, this
category would have been too small for meaningful sta-
tistical analysis. Of the remainder, 230 gave their gender
as ‘Male’ and 34 as ‘Female’. Therefore, whilst more men
responded than women, the latter are over-sampled rela-
tive to the proportion of OSM contributors estimated to be
female. This approach is necessary to evaluate potential
gender-based differences in contributor behaviour.

The information relating to the OSM contributions of
each identified individual is obtained by analysing their
‘changesets’ – groups of edits contributed by a single user,
typically within a limited geographic scope and relatively
short time period. Each changeset contains a ‘bound-
ing box’, which provides the geographic extend of the
changes, and the date and time at which it was closed.
Using these two pieces of information, each changeset
can be classified by the country in which it took place –
by using world country boundaries obtained from ArcGIS
Hub (Esri, 2022) and taking the centroid of the bound-
ing box as the point of intersection – and the quarter
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of the year (taken as January–March, April–June, July–
September, and October–December).

The location of each changeset for all users in the sam-
ple is shown in Figure 1. The number of changesets con-
tributed by each user in the sample varies significantly,
from occasional contributors to ‘super-users’.

4 Analysis

The following analysis is divided into three sections. The
first addresses the temporal pattern in OSM contributions
by gender. The second considers gender distinctions in
contribution patterns pre-, during, and post- COVID-19. In
both cases, men and women demonstrate different trends
in contribution levels and geographic dispersion of edits.
The third evaluates changes in the contributions over time
of the same users.

4.1 Gendered trends in behaviour over time

A major question regarding contributor behaviour is the
extent to which it might change over time. In addition
to the level of activity, the metric adopted for analy-
sis is the diversity of countries to which the user con-
tributed, by time period. This is measured by calculat-
ing the Gini-Simpson’s Index, as discussed by Hunter and
Gaston (1988). The geographic spread of changesets is
only one aspect of user contributions, but it provides a
good proxy for engagement. Contributors with more di-
verse changesets do not necessarily have higher expertise,
but this does suggest a willingness to undertake the map-
ping of areas in which they are unlikely to be personally
familiar, which may be indicative of user confidence and
experience.

The Gini-Simpson’s Index is calculated as:

GSI = 1− Σ249
i=1ni(ni − 1)

N(N − 1)

where ni is the number of changesets by a user in a sin-
gle country, the summation index, i, ranges across the 249
countries for which OSM edits were made, and N is the to-
tal changesets by a user summed across all countries. The
value of this index must fall between 0 and 1. If a user (for
a given time period) possesses a high GSI score, near 1,
this can be interpreted as they made contributions across
multiple different countries in relatively even proportions.
Alternatively, if a user has a low GSI score, near 0, this
would indicate that their changesets were heavily concen-
trated in a few countries. Given that the goal is to compare
the diversity of the contributions of men and women, this
is the most appropriate diversity measure for comparing
between types.

Figure 2 shows the trends in GSI for each quarter (from
Q1 2017, up to and including Q3 2023) by gender. De-

spite the volatility in the values for female contributors,
likely a consequence of their smaller sample size, the di-
versity of contributions at the start of the period of study
for men and women are fairly comparable. Unsurprisingly,
given that the vast majority of contributors are male, the
male data is showing a pattern closer to that of the overall
OSM average. However, from 2017, these trends seem to
diverge: with the mean GSI for women increasing, partic-
ularly from 2021 onwards; and the mean GSI for men un-
dergoing a gradual decline and plateau. This indicates that
female users in the sample gradually began to contribute
changesets across a more diverse range of countries than
their male counterparts.

It is possible that using changesets as a unit of measure-
ment could obscure some of the trends. As the name sug-
gests, changesets are made up of a number of smaller
changes. If the average size of a changeset were to vary
with time, then the actual contributions made in different
countries might display a different trend. Utilising indi-
vidual changes is not necessarily a superior measure, as
changesets are arguably a better overview of general ac-
tivity, but can potentially provide a different perspective
on the volume of contributions. The mean GSI for geo-
graphic diversity of changes is therefore shown in Figure
3. As is evident from a comparison with Figure 2, although
there are some small differences, the overall trends persist.

It is important to note that diversity in contributions is not
directly related to overall activity. Considering the number
of changesets by year, is it evident from Figure 4 that –
for the most part – female users in the sample made fewer
contributions than their male counterparts, although this
was notably more comparable in 2021 and 2022. In addi-
tion, since 2019 the upper quartile of female contributors
has been close to (or exceeding) the upper quartile of male
contributors; and the lower quartiles for both groups have
generally converged. This appears to have somewhat re-
verted on the basis of 2023 data, which is discussed in the
next section.

There are also a high number of what would typically be
termed ‘outliers’– however, this is to be expected, given
the ‘long tail’ effects present within OSM data (Wood,
2014). What this does suggest is that mean contributions
– at least, in terms of activity – will be sensitive to these
large values.

The patterns observed in Figure 4 appear to be related, as
demonstrated by Figure 5, to a dramatic rise in mean quar-
terly changesets for female contributors observed between
Q1 2019 and Q3 2022. This is discussed in more detail
in the following section, however the main peak in Figure
5 – during Q1 and Q2 2021 – saw a particularly promi-
nent number of higher volume users, relative to the other
female contributors in the sample.
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Figure 1. The hexagonally binned locations of all changesets contributed by users in the sample, with national borders: the colour
corresponds to the logarithm of the number of changesets.

Figure 2. Trend in GSI (changesets), by gender (Q1 2017 – Q3
2023) (inclusive). Trendline (dashed) calculated by Plotly’s ‘Lo-
cally Weighted Scatterplot Smoothing (LOWESS)’ function.

4.2 The disproportionate effect of the COVID-19
pandemic

Although the previous section goes some way to explain-
ing the trend in female activity levels, it does not indicate
the extent to which this might be a process driven (or ex-
acerbated) by the COVID-19 pandemic; nor does it exam-
ine how the trend in geographic diversity of contributions
might be related to this. There is evidence that the engage-

Figure 3. Trend in GSI (changes), by gender (Q1 2017 – Q3
2023) (inclusive). Trendline (dashed) calculated by Plotly’s ‘Lo-
cally Weighted Scatterplot Smoothing (LOWESS)’ function.

ment of some contributors may be stimulated by human-
itarian events and crises (Roche et al., 2013). Soden and
Palen (2014), for example, highlight the catalyzing pro-
cess of the 2010 Haitian Earthquake. Imi et al. (2012) also
observe an increase in OSM activity following the Great
East Japan Earthquake of 2011. More recently, the co-
ordination of OSM mapping activities for humanitarian
causes, through organisations such as the Humanitarian
OpenStreetMap Team (HOT), has led to the involvement
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Figure 4. Changesets, by gender (2017 – 2023, inclusive). Note
that: a) data for 2023 is incomplete at time of writing, and b) the
y-axis is presented on a log scale due to the high number of large
values.

Figure 5. Trend in mean changesets, by gender (Q1 2017 – Q3
2023, inclusive).

of thousands of volunteers (Herfort et al., 2021). How-
ever, during participation in such initiatives, as Gardner
and Mooney (2018) highlight, tasks are often ‘highly pre-
scriptive’ and may therefore diverge from a user’s typical
behaviour.

The COVID-19 pandemic provides perhaps the most
broadly applicable example of mapping being influenced
by external factors, but changes in user engagement may
not be a consequence of precisely the same mechanism.
Whereas individuals may well be motivated to contribute
to OSM in response to earthquakes, floods, wars, or other
similar events, these are not universal motivations for all
mappers, and the impact of these events are experienced
by a relatively small proportion of people, compared to the
global population as a whole. By contrast, it seems plausi-
ble that even if the COVID-19 pandemic may not have di-
rectly motivated some individuals to change their mapping
habits per se, the influence of the pandemic (felt through

lockdowns, social distancing, and other social restrictions)
may still have had an influence (particularly given the bi-
ases in the locations of OSM contributors).

This is not to entirely exclude the possibility that the
COVID-19 pandemic had a direct influence on informa-
tion contributed OSM. VGI and spatial data are impor-
tant for use in COVID-19 or other disasters, as volunteer
data allows for the utilisation of real-time contributions for
crisis response, especially in the initial and interference
stages of such situations (Tzavella et al., 2022). OSM in-
formation was used by a variety of different organisations
and governments to determine the locations of pharma-
cies, health institutions, road maps and places with high
epidemic risk during the COVID-19 pandemic (Minghini
et al., 2020). For example, Minghini et al. (2022), report an
increase in Italian pharmacy data of 9.5 percent in the first
two months of the pandemic. HOT report that their vol-
unteers provided 4.6 million map features to OSM in sup-
port of COVID-19 responses (Deffner et al., 2021). And
Mooney et al. (2021) highlight the widespread use of tools
like healthsites.io.

However, the softer organising effects of the COVID-19
pandemic on OSM contributors are yet to be studied. Con-
tributors may have had more time (as a consequence of
social restrictions limiting their ability to undertake other
activities) or less time (for example, due to increased car-
ing responsibilities) which might have influenced their en-
gagement. They may also have felt more urgency and
need (due to the state of disaster), or have changed their
lifestyles due to restrictions (such as limited capacity to
leave their homes resulting in a shift from ‘surveying’ to-
wards ‘armchair’ mapping; or alternatively, the inverse,
motivated by a desire to undertake physical activities out-
doors). Notably, these effects may have disproportionately
influenced particular demographic groups. Research sug-
gests, for example, that women became responsible for
a greater proportion of caring needs within family units
(see, for example, Hupkau and Petrongolo, 2020; Wenham
et al., 2020; Herten-Crabb and Wenham, 2022).

As has been seen in the preceding section, the divergence
in trends relating to GSI between men and women ap-
pears to pre-date the COVID-19 pandemic. Nonetheless,
they seemingly become exacerbated around the pandemic
period. It is therefore worthwhile examining this change
in greater depth, in order to establish the extent to which
this might be a temporary break in the previous pattern, or
transition to a new model of contributor behaviour.

The data are therefore split into three time periods: Q1
2017 – Q4 2019 (prior to COVID-19), Q1 2020 – Q2 2021
(COVID-19), and Q3 2021 – Q3 2023 (post COVID-19).
This is an imperfect categorisation, as the pandemic and
its effects were not constant across different countries, and
it is also unclear how long any adjustment from COVID to
post-COVID behaviour would take. However, it does pro-
vide a useful coarse measure for examining the potential
influence of the COVID-19 pandemic.
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In addition, not every contributor was active in the COVID
period but excluding their data may skew the overall pic-
ture. It is not possible to tell if this altered activity level
was a result of a contribution pattern change, the impo-
sition of different lockdown criteria in different locales,
changing levels of responsibility (e.g., additional caring
duties or working on the COVID-19 front line as a key
worker), or having contracted COVID-19 itself. Finally,
analysis based on individual contributors is seriously im-
pacted by the uneven number of quarters in which they
were active. Owing to these difficulties in using summary
statistics of individual contributor data to compare the pre-
COVID, COVID and post-COVID periods the following
analysis pools all contributor data, segregated by gender,
into the appropriate time periods.

Figure 6. GSI distribution of pooled female and male data for
the Pre-COVID, COVID and Post-COVID periods.

Clearly, all of these factors are also likely to influence any
analysis on the pooled data. Nonetheless, by pooling the
data some insight into contributor activity in the three dif-
ferent time periods can be gleaned. As can be seen in Fig-
ure 6, female diversity was higher than male in the pre-
COVID period – and this gap persisted in the COVID pe-
riod. Interestingly, male contributions during COVID (as
measured by the GSI) became less diverse, with a more
compact inter-quartile range (‘IQR’) on lower GSI values,
and the skew (as measured by position of the median line)
increased. Outlier values also began to appear. This con-
traction does not appear to have been significantly reversed
in the post-COVID period.

In contrast, the female IQR widened slightly during
COVID in comparison to the pre-COVID period, indicat-
ing an overall increase in diversity of contributions. There
was also an increase in skew. Post-COVID the female IQR
increased slightly again but, more strikingly, there was
rise in the median diversity of contributions, as measured
by the GSI from 0.1667 during COVID to 0.4985 post-
COVID.

However, mean GSI for female contributors is broadly
comparable between the pre-COVID and COVID periods,

and both are lower than the post-COVID period. This is
shown in Figure 7. For male contributors, the mean GSI is
lower for the active COVID period than for the preceding
period, and largely plateaus into the post-COVID period.
This appears to be an extension of the existing trend, as
shown by Figure 2.

Figure 7. Mean GSI by gender, for Pre-COVID, COVID, and
Post-COVID time periods.

As the previous section (and Figure 5) suggested, mean
quarterly changesets provided by female users increased
dramatically over the period associated with the pandemic.
At its peak, mean changesets for female contributors was
over double that of the first quarter in the COVID period
(321 versus 671). It is therefore valid to question the ex-
tent to which this, or more specifically, the social arrange-
ments associated with this period, might have played a role
in this behaviour. As evidenced by Figure 8, it can be ob-
served that a decrease in the number of female contribu-
tors coincides with the spike in mean changesets. This sug-
gests that the trend is driven by female lower-volume users
ceasing to contribute, and the mean is therefore reflecting
the group of highly-active female contributors. In addition,
whilst the timing of the peak in Figure 5 coincides with
the beginning of the pandemic, the rise to this point be-
gins noticeably earlier. Therefore, whilst the COVID-19
pandemic may have been a contributing factor in lower-
volume female users choosing not to contribute to OSM,
it does not appear that the pandemic drove a higher vol-
ume of contributions amongst female users. Nonetheless,
the data demonstrates that the female heavy-mappers in
our sample continued to contribute to OSM throughout the
pandemic, whereas the lighter female mappers did not.

4.3 Change in individual user behaviour over time

If these trends are rooted in the long-term evolution of con-
tributor behaviour, rather than a short-term adaptation dur-
ing COVID-19, then a fruitful line of inquiry is the ex-
tent to which this is a change in the activities of particu-
lar users; versus a change in the composition of the user-
base. Thebault-Spieker et al. (2018) argue that user con-
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Figure 8. Female contributors (dashed grey) and mean change-
sets (red) over time, Q1 2017 – Q3 2023

tributions are relatively constant over time, but they do not
break this down into demographic groups – instead favour-
ing user classes based on the number of edits. They also re-
strict their analysis to the continental United States, which
may demonstrate different patterns to that of a global per-
spective.

The combination of a relatively small sample size for fe-
male users, the number of contributors who have exten-
sive quarters without activity, and the exogenous impact
of COVID – as well as the relatively short period post-
COVID – makes assessing the underlying activity trend
for individuals difficult. Nonetheless, some insight into the
stability of contributor activity over time may be gleaned
by looking at the mean standard deviation of individual
contributions over time. Table 1 shows the grand mean
and mean standard deviation of GSI, as calculated on indi-
vidual contributor activity. It can be seen that the mean
and standard deviations are of similar magnitude, with
the standard deviation somewhat smaller than the mean.
The standard deviation for males is smaller than for fe-
males, which is consistent with the greater volatility for
females observed in the previous figures. The full distri-
bution of these GSI standard deviations calculated on in-
dividual contributor data, segregated by gender, is given
in Figure 9. The relatively compact range for male data
is suggestive of relatively stable GSI activity levels. Al-
though the range for female data is wider and has a higher
mean it may also be associated with a relatively stable
GSI contribution. In both cases the Coefficient of Varia-
tion (‘CV’, see Reed et al., 2002) is less than 100%, with
the female CV at 78.7% and male at 84.1%. Together, this
suggests that the diversity in contributions of both male
and female contributors is relatively stable over time.

4.4 Discussion

There are several elements of the work discussed here
which require careful consideration. First, although it is

Table 1. Standard deviation of GSI by gender, calculated by in-
dividual

Mean Standard Deviation Coefficient of Variation
Female 0.341 0.268 78.7 %
Male 0.214 0.180 84.1 %

Figure 9. A boxplot of the standard deviations of individual con-
tributor GSI by quarter.

possible to link surveyed users to the changesets prior to
2017, it is not clear if this would provide a representative
sample of OSM contributors in those years. These change-
sets are therefore excluded, but it is therefore not possible
to say with confidence how far the trends observed after
2017 are a break with those in previous years, or the con-
tinuation of a longer-term process.

Second, the fairly coarse definition of the COVID-19 pan-
demic likely has the potential to blur some modified pat-
terns of behaviour as a consequence of social restrictions.
OSM is a global project, and contributors would have seen
different restrictions at different times, depending on their
geographic location. The results presented here provide a
good indication of how far social restrictions can be ob-
served in contributor’s behaviours, but a fine-grained anal-
ysis may provide further insight.

Third, although there is a noticeable drop-out of lower vol-
ume female contributors around the period of the COVID-
19 pandemic, it is not possible on the basis of these data to
say with certainty that there is a link between the two. Ad-
ditional data collection may allow for greater examination
of this aspect.

5 Conclusions and future work

In conclusion, the data suggest that the diversity of contri-
butions of male and female OSM contributors have been
diverging over time – at least, since 2017; but particularly,
since 2021. Although these trends have persisted through
the disruption associated with the COVID-19 pandemic,
there is only limited evidence of a ‘pandemic effect’ – at
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least on this element of contributions – as these trends ap-
pear to largely have been in motion prior to the period as-
sociated with COVID-19. Geographic diversity in contrib-
utor activity also appears to be relatively stable over time,
suggesting that users do not substantially modify this as-
pect of their behaviour.

Lower-volume female users in the sample ceased to con-
tribute in the time period associated with the COVID-19
pandemic. This leads to a particularly high mean for fe-
male contributors in certain quarters (as discussed in rela-
tion to Figure 8), as the remainder appear to be skewed to-
wards ‘uber’ mappers, who consistently contribute a high
number of changesets. Further work is required to estab-
lish the breadth of this trend, how closely it might have
been related to conditions caused by the COVID-19 pan-
demic, and the extent to which it has persisted in the post-
COVID period.

There are several other elements which provide promising
prospects for future work in this area. First, re-surveying
OSM contributors will allow for the expansion of the
sample beyond the 267 participants utilised here. This
will also facilitate broadening the scope of the data
collected, including explicit consideration of contributor
participation in humanitarian, special interest, and other
mapping schemes. Second, expanding the analysis to
consider other socio-demographic factors (such as age,
country of residence, and education) and other influences
on the long term trajectory of OSM contributions will
allow for a more rounded approach to the assessment
of contributor behaviour. This includes the potential
combinations of socio-demographic factors, touched upon
by Sutton et al. (2023). Finally, whilst utilising GSI as a
measure of geographic diversity yields valuable insights,
adopting measures of spatial entropy for future analysis
will facilitate a more direct engagement with the spatial
location of contributions in relation to each other, without
the need to classify contributions into nations. This has
the potential to offer a powerful analysis of both how
individual users contribute, and how these contributions
relate to patterns present within OSM as a whole.

Data and Software Availability

The data cannot be made publicly available due
to their containing personally identifiable informa-
tion that could compromise the privacy of research
participants. Code utilised in the creation and anal-
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able at https://doi.org/10.5281/zenodo.10817832.
Additional code to support the analysis and
visualisations for this paper is available at
https://doi.org/10.5281/zenodo.10988945.
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