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Abstract

Gender imbalance in Wikipedia content is a
known challenge which the editor community
is actively addressing. The aim of our work is to
provide the Wikipedia community with instru-
ments to estimate the magnitude of the problem
for different entity types (also known as classes)
in Wikipedia. To this end, we apply class com-
pleteness estimation methods based on the gen-
der attribute. Our results show not only which
gender for different sub-classes of Person is more
prevalent in Wikipedia, but also an idea of how
complete the coverage is for difference genders
and sub-classes of Person.
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1 Introduction

Wikipedia naturally grows and evolve over time. This
happens while having human editors focussing on certain
parts of the project instead of others. While the ability
for editors to decide what to contribute comes with the
advantage of flexibility, it may result in biased content
where, for example, one gender is better represented than
others. An example of this is the number of male as-
tronauts as compared to the number of female astronauts
(76 female out of 630 astronauts in Wikipedia, as of the
submission of this paper).

The editor community is actively addressing this (Lan-
grock and Gonzalez-Bailon, 2022). Previous studies have
shown how the editor population is also unbalanced from
a gender point of view. (Antin et al., 2011) shows how
the majority of editors, about 80%, are male. Another
important aspect to understand gender representation is
that of measuring how many persons of a certain gen-
der are represented by an article in Wikipedia. To this
end, we look at instances of sub-classes of the class Per-
son (e.g., astronauts). Such instances are represented by a
single Wikipedia article (e.g, https://en.wikipedia.
org/wiki/Samantha_Cristoforetti). The first step
is that of counting how many instances (i.e., person) of a
certain gender there are in such a class (e.g., astronaut)

and make observations (e.g., 554 male astronauts and 76
female astronauts).

The more interesting step after counting entities is that
of understanding how well represented each of the gen-
ders are in Wikipedia. To do this we would need to
measure how many male/female astronauts there should
be in Wikipedia, assuming that the class is not yet com-
pletely represented in Wikipedia (e.g., because of a focus
of the editor community on different parts of Wikipedia).

To close the gender gap in Wikimedia content it is first
critical to be able to measure it. To this end, in this
paper we estimate the cardinality of sub-classes of Per-
son based on gender. Similar to our approach, previous
work by (Luggen et al., 2019) has used statistical esti-
mators for class cardinality using Wikidata edit history
in a capture/recapture setup. In a similar fashion, in our
work we apply such estimators but using the Wikipedia
edit history and also taking a gender-based approach to
it. This allows us to not only estimate the cardinality of a
class (e.g., female astronauts), but also, by comparing the
estimated size with the number of male/female instances
currently present in Wikipedia, to measure the complete-
ness of each class for different genders (e.g., male astro-
nauts are 95% complete while female astronauts are 94%
complete), which is our research question.

2 Related Work

Previous research (Luggen et al., 2019)) has looked at how
to use statistical estimators to estimate class cardinality
in Wikidata. They used the knowledge graph edit history
as evidence for the estimators. In this paper we extend
this approach by looking at attribute-specific cardinality
estimations (e.g., How many female astronauts should be
there? Do we have them all?) and beyond the Wikidata
project.

In the area of crowdsourced databases, the problem of
answering queries under the open world assumption has
been studied in the past. Researchers have encountered
the problem that popular entities are reported by crowd
members more frequently than “tail” (i.e., unpopular)
entities, thus making it difficult to complete the answer
set (and, in our case, to estimate the class cardinality).
The approach followed by (Trushkowsky et al., 2014)) has
looked at using statistical estimators to understand how
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far from the complete set the incrementally constructed
query answer set currently is. We apply these methods to
understand how complete Wikipedia is.

3 Data Collection

Our aim is to generate a dataset that enables us to esti-
mate gender-based class cardinality first and complete-
ness levels next. To this end, we first collected the list
of sub-classes (e.g., Artist, Astronaut, Monarch, etc.) of
the class ‘Person’ from DBpedidT]as well as the list of all
entities assigned to each of these sub-classes. For each
of the collected entities, we then retrieved its Wikipedia
article edit history from the MediaWiki API for the pe-
riod from Jan 2019 to Dec 2023 to be used as “capturing”
events for the statistical estimators. In total, our dataset
contains 121,535 entities over 34 classes and a total of
4,896,299 edits. The size of the dataset is 1.2GB and was
processed on a 32GB RAM server.

4 Name-based Gender Estimation

Based on previous work by (Van Buskirk et al., 2023),
we first estimate the gender of persons described by the
Wikipedia articles. Using the dataset described above,
we perform name-based gender classification for each of
the collected entities of type ‘Person’. This enables us
to make initial observations about the gender distribution
of persons having an article in Wikipedia for different
sub-classes of Person.

Figure [I] shows the results of this classification task?}
We can observe how, unsurprisingly, certain sub-classes
of Person are less gender balanced than others (e.g.,
‘Economist’ being mostly male and ‘Model’ being mostly
female).

5 Gender-based Class Cardinality
Estimation

Once we have classified the gender of the people with a
Wikipedia article, we can now proceed with the estima-
tion of the cardinality of each sub-class of Person (i.e.,
how many Astronauts should we have in Wikipedia) using
the edit history of their articles. In short, these methods
make use of samples of entities from a population (e.g.,
Astronauts) to estimate the size of the population. The
capture/recapture methods we use, originally designed in
computational ecology (e.g., capturing and tagging lions
in the Savanna to estimate the size of the entire population
of lions), require a concept of ‘sampling’ (i.e., capturing
samples of the population over time). In our setting, we
make use of the edit of a Wikipedia article as the sampling

Thttps://www.dbpedia.org/about/
2The approach would not classity a name if its confidence is
low and thus we keep a column for undefined gender in Fig. E]

event. More popular entities will receive more edits (and
thus will be sampled more often) than less popular ones.
With this data, the more samples we have the more accu-
rate the estimators will be, eventually converging to the
true value of the population size. The other good aspect
of these estimators is that they provide a confidence score
that tell us how accurate the estimation is. More details
on the statistical estimation methods we use can be found
in (Luggen et al., 2019). Some example population size
estimation results are presented in Figure 2]

These methods allow us to compute how many entities
of a certain type there should be in Wikipedia and, with
that, compute an estimated completeness level by com-
paring the estimated cardinality with the current number
of entities of that class in Wikipedia.

6 Results and Conclusions

Overall, we observed high estimated completeness lev-
els. This is consistent with the generally perceived high
quality of Wikipedia content. Our estimates show that 16
sub-classes have higher completion rate for male and 13
have a higher completion rate for female. Possible limi-
tations include the use of DBpedia sub-classes of Person
which may be imperfect, as well as the impossibility to
assess estimation accuracy due to the lack of a ground
truth.
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subclass size female male undefined
Coach 9975 4.21 % [ERSElRA 14.43 %
Academic 9934 33.28 % |skier 11.20 %
Artist 9907 20.31 % NEEREEA) 16.35 %
Scientist 9880 17.14 % ERFPEL) 7.74 %
MilitaryPerson 9816 2.04 % EEEAC) 10.10 %
Writer 9723 27.61 % JElER) 11.46 %
Politician 9578 15.88 % W:R-ERZ) 15.13 %
Royalty 8841 27.89 % 41.38 % 30.73 %
Athlete 7979 16.47 % JCLEESRT 19.13 %
Noble 7949 18.87 % [GEXERA 17.68 %
SportsManager 6324 1.36 % [GEREEA 9.30 %
Architect 5574 6.30 % 16.90 %
Religious 4832 7.99 % 25.99 %
Philosopher 2987 11.72 % 12.15 %
Model 2045 HRLE/ 20.05 %
Journalist 1858 24.49 % 16.47 %
Economist 1720 11.86 % 8.78 %
Youtuber 900 14.33 % 34.56 % 51.11 %
Chef 897 24.86 % [SlEFeiivr) 15.83 %
Engineer 885 2.82 % [CENFEL 7.46 %
Astronaut 738 10.57 % EERERS 13.55%
BusinessPerson 691 13.17 % ENER 13.60 %
PoliceOfficer 413 5.33 % WPEEE 21.79 %
HorseTrainer 355 2.25 % WERYAES 2423 %
Pilot 286 18.53 % [GENERZ 15.73 %
AmericanLeader 264 17.80 % 41.67 % 40.53 %
Spy 261 15.71 % EERERS 11.11 %

Monarch 245 2.86 % | 4= =00

Judge 124 10.48 %

Figure 1: Name-based gender classification of Wikipedia person names per sub-class of Person.
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Figure 2: Class cardinality estimation for some example classes (classes estimated to be most incomplete in the top
row, and classes estimated to be most complete in the bottom row) with different statistical estimators.
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