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Zusammenfassung
In dieser Arbeit führe ich eine Analyse der impliziten und expliziten Gender-Biases
durch, die in verschiedenen Themenbereichen der Social-News-Site Reddit vorherrschen. Nach einer Einführung zu Gender-Stereotypen und deren Manifestation in
natürlicher Sprache nutze ich die Feature-Learning Technik word2vec um ein hochdimensionales Vektorraum-Retrieval zu erzeugen, welches mit aus Reddit Kommentaren extrahierten Daten trainiert wurde. Mithilfe der semantischen Ähnlichkeiten und Beziehungen zwischen den generierten Wort-Vektoren präsentiere ich eine
Metrik um den repräsentativsten Worten jedes Themenbereichs Gender-Bias-Scores
zuzuordnen und weiterhin deren unterschiedliche Verteilung in den verschiedenen
Gruppen zu analysieren. Das Ziel dieser Arbeit ist die Aufdeckung von GenderStereotypen auf Reddit und die Interpretation deren Korrelation mit allgemein bekannten Stereotypen.

Abstract
In this work I conduct an analysis of the implicit and explicit gender biases prevalent in different tropics discussed on the social news site Reddit. After giving an introduction to gender stereotypes and their manifestation in natural language, I use
the feature learning technique word2vec to create a high-dimensional vector space
model which is trained on comment data retrieved from Reddit. Utilizing the semantic similarities and relationships between the generated word-vectors I present
a metric to assign Gender Bias Scores to the most representative words for each topic.
I further analyze the difference of the scores’ distribution amongst the observed
groups. The aim of this thesis is the unveiling of gender stereotypes on Reddit and
the interpretation of their correlation with known stereotypes.
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1 Introduction
We use language every day. This language contains information we believe to be
true and explicitly wish to convey to the person we are communicating with. Additionally, the words we use also contain a fair amount of implicit information about
us, our thinking and many more aspects, all of which can be seen as information
embedded in language. When analyzing natural language, one commonly seeks
regularities. One of the regularities I am interested in finding are gender stereotypes. My motivation for this thesis mainly derives from the fact that everyday
language has a huge impact on society and us as individuals. Regularities such as
stereotypes usually have a number of factors leading to their long-standing manifestation in language such as origin, culture, social environment or education. In a way,
some of us more knowingly than others, we compute the language we hear and let
it affect the words we speak. The same thing happens when machine learning (ML)
algorithms learn on text data. Many algorithms in ML capture regularities, called
biases throughout this thesis, from the data we feed them and introduce these to
real-world systems [1]. This includes word embeddings, which are vector space models commonly trained on raw text data. To allege an example: The company Google
is known for doing pioneer work in many technical fields, including machine learning. Services like Google Search or Google Translate rely on information generated
that way1 . When you use their translation tool2 and type in “O bir doktor. O bir
hemsire”, it is translated to “He is a doctor, she is a nurse” [2]. Note that the entered
phrase is in turkish, which is a gender neutral language. This shows that somewhere along the line, the gender factor has been added computationally, which in
this example showcases a common gender stereotype. While this is a concerning
discovery and calls for actions to oppose this phenomenon, the fact that word embeddings capture gender stereotypes is also a great chance to gain further insight
into the problem. The word embedding technique is a feature learning architecture
that creates a high-dimensional vector space, for the sake of simplicity called word
embedding from here on, where every vector represents a word. Put simply, this type
of algorithm usually learns on big amounts of data and, depending on which contexts an observed word appears in, moves these context word-vectors closer to that
of the center word. The resulting vector spaces have shown to contain semantic information like the relationship between words and their similarity to one another.
This can be applied to analyze how strongly a word is associated with another word.
The subject I seek to analyze with this technique is Reddit3 . Reddit is a website
where users share content, discuss topics and are able to find sub-communities for
pretty much every topic. In a nutshell, Reddit is a virtual place where people tend
to spend their time communicating with others about things they find interesting.
1

https://research.google.com/pubs/MachineTranslation.html - last accessed 201803-28
2
https://translate.google.com 2018-03-18
3
https://www.reddit.com/
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Similar to geographical spaces in the real life, virtual spaces like these also tend to
develop their own language.
Given the knowledge about word embeddings and gender stereotypes in language, my objective in this thesis is to analyze the language used on Reddit. I
specifically compare the words most commonly used in different topics across the
platform in terms of their gender association with the goal of revealing hidden gender stereotypes.

1.1 Research Hypothesis
It is a common behavior for a person to report their explicit beliefs differently from
their implicit beliefs. This applies not only to individuals but also to groups and
communities who often play down the issue of gender stereotypes and inequalities
within their own ranks. The null hypothesis derives from this seemingly uniform
neutrality portrayed by many communities.
Null hypothesis H0 : The gender bias in different topics across Reddit is similar.
The alternative hypothesis, supported by prior work and my experiences while
studying Reddit, assumes the opposite.
Alternative Hypothesis HA : The gender bias in different topics across Reddit
differs significantly.
These hypotheses are tested in section 5. .

1.2 Structure
In section 2, I present the prior work related to this thesis. In section 3, information
about gender stereotypes and the platform Reddit that is essential to this thesis is
given. Tools and algorithms like word2vec and term frequency - inverse document frequency (tf-idf) employed throughout my proceeding, my specific usage of them, the
data available on Reddit and its retrieval are explained in section 4. This leads up to
the results gathered and the interpretation described in section 5. The conclusion in
section 6 closes up this thesis.

2 Related Work
This section covers related work and papers which lay the groundwork for this thesis.

2.1 Word Embeddings
The tool I use to create my word embedding was originally created by Tomas Mikolov
et al., therefore their work is a direct reference to the functionality and capabilities
of the word2vec algorithm. In [3] they examined vector-space word representations
and the syntactic and semantic regularities they capture. They presented a vector
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offset method based on cosine distance that performs well in detecting these regularities and subsequently solving analogy questions. In their following work [4]
the two model training architectures continuous bag of words (CBOW) and skip-gram
were introduced and suggested to make processing great amounts of data feasible
and effective even with private resources. Soon after this paper was published, the
tool word2vec was made publicly available. The third relevant work from Mikolov
et al., [5], presented an enhancement, enabling the tool to capture phrases, and new
methods to improve the training efficiency and accuracy, namely subsampling and
negative sampling.
The superiority of neural-network based algorithms like word2vec compared to
count-based approaches as in [6] was shown by Baroni et al. in [7]. They conducted
a systematic comparison of the two different kinds of semantic vectors, i.e. contextcounting and context-predicting. After testing both models on a range of lexical
semantic tasks with a varying setting of parameters they concluded a clear superiority of predictive models.
Opposing the claim by Baroni et al. in [8], Levy et al. concluded that not the
chosen model architecture but the choice of hyperparameters are determinant for
the performance of a word embedding. They also stated that the cause for the great
results of these relatively new algorithms is yet dubious and sets the need for more
controlled-variable experiments involving the data, preprocessing and parameters
in future work. Both this and the work by Baroni et al. included the architectures
word2vec and GloVe (Global Vectors) [6], the currently most popular freely available
tools, and presented a great base for my eventual choice of word2vec. Additionally
both papers contain helpful sections on suggested parameter choices and tests for
evaluating the quality of a word embedding.
While the papers by Mikolov et al. are helpful to understand the general functionality of word2vec, Rong et al. presented a more detailed explanation of the two models CBOW and skip-gram in [9]. This work contributed greatly to my understanding
of the exact processes in the skip-gram model used in this thesis and provided additional information on basic neural networks and backpropagation.
Finally in [10] Lai et al. analyzed existing state-of-the-art word embedding algorithms and the assumed critical components for training; the model choice, the data
corpus and the parameter setting. They conducted a greater number of tests and
present general guidelines for efficiently training high quality word embeddings.

2.2 Gender Stereotypes
There is a great number of papers on gender, stereotypes and the importance of language in these subjects. I was lucky to find a great collection of work on language
and gender in [11] edited by Holmes and Meyerhoff. Their “Handbook Of Language And Gender” is divided into five areas concerning the history and study of
language and gender, negotiations of relations and the role of gender and language,
identity and authenticity of an individual in a society, the important function and in-
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vidiousness of stereotypes and norms and, in the fifth area, issues related to gender
and language in institutions. The aggregated work portrays a very helpful reference book about contemporary research on the subject of gender, stereotypes and
language.
Another relevant paper was presented by Nosek et al. In [12] they used the Implicit Association Test (IAT) introduced by Greenwald et al. [13] to measure implicit
attitudes, also called biases, of individuals towards stereotypes of social groups. The
IAT is a test based on measuring the reaction time of participants presented pairs of
concept words like “old+bad” and “young+bad”. A faster reaction time suggests
a stronger association of the two paired words. Besides preferences of white over
black and young over old, the survey test by Nosek et al. showed stereotypic associations linking male with science and career and female with liberal-arts and family. They
also discussed the effects of group membership on individual attitudes and stereotypes and the association and disassociation between the revealed implicit and the
self-reported explicit attitudes of a person.
Motivated by the results from [12], Caliskan et al. used word embeddings to replicate these biases in [2]. The successful replication showed that semantics automatically derived from text necessarily contain human biases. They further discussed
the the implications of the replicated biases for machine learning algorithms and the
importance of addressing them.
The favoring of understanding biases as opposed to neutralizing them stands in
contrast to [1], where Bolukbasi et al. presented a method to remove the gender bias
from a word embedding. The motivation for this work was the fact that machine
learning does not only tend to capture biases but potentially amplifies them. Therefore their goal was to debias a word embedding while maintaining its utility for e.g.
clustering and analogy tasks in order to prevent harmful effects on real-world systems. Since this work concentrates on identifying specifically gender bias in word
embeddings it served as both an inspiration and great help for this thesis.

2.3 Reddit
The first broad analysis of Reddit and its underlying social structures and data was
presented by Steinbaur et al. in [14]. They gave a general introduction to Reddit and
described its structure including Subreddits, user submissions and comment trees.
Moreover their method of crawling data from comment threads is discussed and
the capabilities and especially the limitations and restrictions of the Reddit API are
highlighted.
Subsequently to [14] Singer et al. presented a longitudinal study of Reddit from
its foundation in 2005 until 2014. They reported the evolution of user submissions
on the platform with a growing focus on user-generated content in favor of external content. Additionally they show the increasing diversification of the topics discussed on Reddit, which is one of the reasons making Reddit a valuable data source
for this thesis.
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3 Preliminaries
Before presenting the tools and metrics used, I will give some more information
essential for understanding sections 4 and 5 and also the motivation and underlying
frame of reference for this thesis.

3.1 Reddit
Reddit is a social network site for news aggregation, content rating and discussion
or - in their own words - “the front page of the internet”4 . Created in 2005, the
name Reddit originates from the play-on-words “I read it on reddit”5 . It consists of
user created boards called Subreddits that act as sub-communities for a great variety of areas of interest. Some of these are as general as news, politics or science;
some as specific as images of cute cats or bonsai trees. With 9601 active Subreddits
as of June 20 20156 a registered user has plenty of choice when first visiting Reddit. The website is built in a way that users can submit links to external content
or self-generated textual content, so called self-posts. In each Subreddit these post
submissions can be up- or downvoted and commented on by any registered user.
This way, a user can select to see the e.g. hottest content, i.e. the most relevant posts
at the moment according to a hidden algorithm, or the top of all time posts, i.e. those
with the highest rating yet in that Subreddit. First time visitors and unregistered
users see the universal frontpage, /r/all, which shows the hottest content from a selection of very popular Subreddits. Once you create an account with a pseudonymous
name, i.e. no biographical data is needed, you can actively subscribe to Subreddits
and thereby alter the frontpage you are displayed. Associated with the voting system
is what Reddit calls karma. The votes of other users on one user’s posts and comments are aggregated and displayed on their profile, making visible how well this
user’s input to Reddit is received by its community. When users deem something
too good to just upvote, they can gild the content, thereby paying for its author to
have reddit gold, which is the premium membership in Reddit, for a while (e.g. 3.99$
for one month). Now, while there are a lot of Subreddits revolving around posting images and other media from external sources, the amount of self-posts and the
reinforcement for user-generated content has increased notably over the years [15].
Up to 2015 this development has amounted to a total of 190 million posts and 1.7
billion comments.6 In 2015 alone, this made up for 19.36 billion words only from
comments7 .
Popularity. Since then, the website has experienced enormous growth of popularity. In [14] from 2012 Steinbaur et al. report Reddit to be ranked the 100th most
popular website worldwide and the 50th in the U.S. Two years later in [15] from
4

https://www.reddit.com/ last accessed 2018-03-04
https://www.reddit.com/wiki/faq last accessed 2018-03-22
6
https://redditblog.com/2015/06/23/happy-10th-birthday-to-us-celebratingthe-best-of-10-years-of-reddit/ last accessed 2018-03-13
7
https://redditblog.com/2015/12/31/reddit-in-2015/ last accessed 2018-03-22
5
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2014, these ranks have changed to the 69th and 27th respectively. Today it takes
the 6th rank worldwide and the 4th in the United States8 , just behind Facebook,
Youtube and Google9 with 57.4% of its users being based in the U.S.8
A website of that size undoubtedly has a certain impact on society. While being
place for all kinds of ridiculous and funny content, e.g. a Subreddit solely dedicated to images of birds with arms added through photo manipulation10 , it is also
place to many discussions about serious topics like politics, current affairs and tragic
events in this world. As an example for politics, most politicians including the current president of the United States Donald Trump have Subreddits associated with
them11 , moderated by their supporters. Some public figures even partake in the
popular Subreddit AskMeAnything, a place where persons of public interest answer
questions asked by Reddit users, like the former U.S. president Barack Obama did12 .
However the website is also not uncommonly subject of controversy. For example,
throughout the 2013 Boston Marathon bombings, a user’s comment in a live update
thread on Reddit falsely suspecting an innocent young man to be the culprit led to
a social media backlash on the accused and his family [16]. Since Reddit introduced
live update threads, these have become common for big events like the mass shooting in Las Vegas13 or the recent Florida school shooting14 giving live updates and
discussions while the discussed events are in full spate.
In conclusion, the fact that Subreddits on Reddit are moderated by users themselves, which is being praised and cursed at the same time, thrusts a lot of responsibility into the hands of its community. A community with a majority of male users:
According to [17] six percent of all adults in the United States are Reddit users. A
more recent study claims a gender distribution of 69% male and 31% female for the
group of U.S. Reddit users15 . While the great purview of Reddit has been shown,
the possible effect of gender stereotypes inherent to this predominantly male community has not been subject to any prior work, thus motivating this thesis.

3.2 Gender Stereotypes
Although one might say that we live in a very progressive time and age, gender
stereotypes still portray an all surrounding problem in everyday life. This applies
not only to gender but to all stereotypes present in our society. Therefore it is essential to both name and introspect these to gain a better understanding of what causes
8

https://www.alexa.com/siteinfo/reddit.com last accessed 2018-03-22
https://www.alexa.com/topsites/countries/US last accessed 2018-03-22
10
https://www.reddit.com/r/birdswitharms/ last accessed 2018-03-28
11
https://www.reddit.com/r/The_Donald/ last accessed 2018-03-28
12
https://www.reddit.com/r/IAmA/comments/z1c9z/i_am_barack_obama_
president_of_the_united_states/ last accessed 2018-03-28
13
https://www.reddit.com/live/zpctrtpkt0hw/ last accessed 2018-03-28
14
https://www.reddit.com/r/live/comments/7xkxd3/live_shooting_at_marjory_
stoneman_douglas_high/ last accessed 2018-03-28
15
https://www.statista.com/statistics/517155/reddit-user-distribution-usagender/ last accessed 2018-03-22
9
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such phenomena and what harmful effects derive from them.
3.2.1 Definition and History
There are many definitions for gender stereotypes and stereotypes in general, but I
find the following to be generally well comprehensible: “Gender stereotypes are the
relatively fixed and overgeneralized attitudes and behaviours that are considered
normal and appropriate for a person in a particular culture based on his or her
biological sex” [18].
Similar to other stereotypes they have shaped everyday life since the beginning
of time. This happens because, when persisting for long enough, stereotypes are
often misinterpreted as norms of a society that each individual in such has to live
by, otherwise taking a risk of being alienated and marginalized. This being said, I
always consider stereotypes to be sinister to an individuals wellbeing and freedom
of choice, even if they initially seem to be positive as in women are good at raising
children and men are good at making career. The harm does not lie within the positive
or negative statement but within the inequality delivered by it, for the example just
provided also includes that men are worse at raising children and women are worse at
making career. Looking beyond the gender binary, these norms completely exclude
individuals that do not identify themselves in either of the two categories or the
common attributes and characteristics going along with them.
History. In terms of a global perspective on the history of gender inequalities and
roles it is difficult to define specific stages of the development of gender stereotypes
since these differ strongly between distinct cultures prevalent in different geographical spaces. Thus, most of what I explain in this section focuses on western society.
Historically spoken, men were commonly adjudged traits like being intelligent,
determined, strong and decisive, but also aggressive and selfish. Women on the
other hand were described as the voice of compassion and as being rather calm, passive, submissive and less involved in shaping the world around them. While there
are places on this earth where matriarchy is prevalent, patriarchic systems have been
the norm throughout western countries. To not reach to far into the past, I focus on
the development of gender roles and stereotypes roughly in the last century. Notable feminist movements first gained pace at the end of the 19th / beginning of
the 20th century when suffrage for women became a topic in many places, spiking
discussions and demonstations as a result. The first country in that time to report
women’s acquisition of suffrage was New Zealand followed by many countries in
subsequent years such as Finland (1906), Denmark (1915), Germany (1919) and the
United States (1920) [19]. This development continued throughout the 20th century
leading to percentage of nation-states with women suffrage of 96% by 1994 [19]. In
the first half of the 20th century women’s rights steadily improved and gender roles
shifted slowlys. While women were still designated to care for the family and men
provided money and food, these role boundaries gradually became more blurry and
more women took to work while it became somewhat more acceptable for men to
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engage in family affairs.
As with every aspect of life, times of war bring great changes. Due to the fact
that, in the conflicts of the past, men have commonly been the designated soldiers
and combat duty was rare for female army members, many western countries’ work
force during WW2 showed a high percentage of women workers. In times of need
they had to pick up many of the stereotypically male responsibilities and duties. Albeit the horrors of war in general, this process held chances for women worldwide.
In the ensuing years women’s rights continued to evolve and many stale social conventions changed. By 1980, it became more common for both parents in a family to
work and socially tabooed topics like divorces continually became more accepted.
This development of ancient customs being loosened applies to many aspects of life
up until today, where many circumstances concerning gender equity changed for
the better but are still far from perfect.
In todays western society the notion that women and men are equal and deserve
equal rights is widely spread. This even seems to slowly effect countries with very
few women’s rights like Saudi Arabia, which introduced suffrage for women in
2015 [20]. While for explicit attitudes this might be true, many facts suggest that still
persevering inequalities and gender stereotypes are implicitly accepted or ignored
by the majority of our society. To name a few examples, women are still generally
paid less than men, fill less positions in higher levels of companies, are more prone
to stay at home to care for their children and face discrimination in many other
everyday situations. It is important to say that despite a variety of disadvantages
shown for women in society, men and people not identifying themselves with the
gender binary also experience great injustices due to gender stereotypes. Inequality
in general, no matter to whom it applies, has the need to be addressed and opposed.
3.2.2 Gender Stereotypes in Language
At this point one might ask what language has to do with all the events and developments described above. Language evolves with the culture it is customary used
by it and contains many implicit attitudes and values inherent to a society. This
includes gender stereotypes as can easily be observed in common expressions, sayings and jokes suggesting the inferiority of either gender. A person belonging to a
certain group of people tends to use the same language and adapt these commonly
used wordings and ways of expression. This results in the person inheriting stereotypes conveyed through language. Therefore prejudice and discrimination people
exert often don’t stem from malice or bad intentions but from a persons preference
for and identification with their in-group as opposed to out-groups [2], their cultural
imprint or social background. Unawareness of these influencing factors allows language to continuously absorb all kinds of stereotypical biases and convey them in
any kind of communication, thus potentially archiving and spreading stereotypes
throughout society.
Due to the enormous importance of language and its extensive availability, it acts
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as one of the biggest sources of information nowadays. One of the modern opportunities to take advantage of this fact is called machine learning and allows to extract
information from language that can further be used to conduct socio-psychological
research on, optimize targeted advertising and generate powerful online search algorithms. But how do gender stereotypes play a role here?
3.2.3 Gender Stereotypes in Machine Learning
Machine learning often describes the process of a computer system learning on data
without being explicitly programmed. Especially for unsupervised learning techniques this means that information and regularities in text data are simply captured
and used in further processes and tasks. One of the biases in the so inherited information are gender stereotypes. This is especially concerning when the stereotypes
do not undergo any inspection or interference after being captured by the algorithm
and end up affecting real-world systems. An example indicating the existence of
gender bias in widely used systems is the aforementioned translation of O bir doktor. O bir hemsire to He is a doctor, she is a nurse which correlates with observations of
gender biases in ML techniques like word embeddings [2] and make room for assumptions of additional covert biases in widely used software and that these observations
are just the tip of the iceberg. Racial stereotypes were found in online advertising
where ads for arrest records were shown more frequently when searching for distinctively black names [21]. In another example, a search algorithm assigning higher
scores to websites of male programmers because male names have a stronger association with programming [1], perhaps due to the higher number of men in IT jobs,
would actively discriminate against women and thereby contribute to amplifying
the gender stereotype.
As can be seen, the idea of stereotypes ending up in real-world systems is everything but an assumption or fiction. To battle this, work like [1] laudably battles
this fact by attempting to debias a word embedding, thus freeing it from all gender
biases. While such work is precious and welcomed, in this thesis I utilize the fact
that machine learning captures such biases to analyze their occurrence in data freely
available and attempt to give more insight to their origins and effects.

4 Methodology and Data
In the following I present the tools and algorithms I used in this thesis16 and the
reasoning for my choices. The first part covers word embeddings and the particular
model I decided on, word2vec, as well as various parameter choices made to obtain
good quality vectors. The ensuing section covers the data used for both the word
embedding and the additional computations and gives a description of the data
itself and the retrieval process. After that I describe the Gender Bias Score I used to
16

The code is made available at https://github.com/artemisclyde/reddit_gender
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measure the strength of a word’s association to either gender. The statistical tests to
evaluate the results, namely the Kruskal-Wallis H Test [22] and the Mann-Whitney U
Test [23], are presented at the end of this section.

4.1 Word Embedding
A word embedding is a language modeling and feature learning technique that
maps words and the relations between them to vectors in a multi-dimensional vector space. Each word w of the used vocabulary W is represented by a unit vector
w
~ ∈ Rd with kwk
~ = 1. d denotes the dimensionality of the vector space, commonly
300- and higher-dimensional. As has been shown in previous work [2, 1, 7, 4, 3, 6],
these vectors capture both syntactic and semantic relationships between the words
they represent. This property can and has been used in many natural language processing downstream tasks such as text classification, part of speech tagging, named
entity recognition and sentiment analysis, but also allows a variety of analyses on
the vectors space itself.
4.1.1 Concept (general)
The legitimation of word embeddings is based on the distributional hypothesis which
states that words occurring in similar contexts tend to have similar meanings [24].
This arises from the way we use language: we hear something and perceive similarities between individual parts of what we just heard which we then process and
learn to use ourselves, thus forming language over time. Many earlier and current
algorithms utilizing this hypothesis use an approach in which the co-occurrences
of terms in a text corpus are simply counted. In contrast to these count-based approaches [6] the algorithm I use predicts words by their context or vice versa. Put
simply, the 2 models available in the here used tool, word2vec [4], mainly differ in
generating the vectors by maximizing the prediction accuracy when predicting either a word given its context or when predicting a context given a target word in its
center. In this section I will focus on the latter approach.
The model uses a very shallow neural network (NN) consisting of an input layer,
a hidden layer and an output layer which is used for every training instance. Its
training objective to predict the context words from a target is sometimes described
as a fake task17 because what one seeks to obtain from the network is not the prediction but the weights which are updated during each training instance. This process
is further illuminated in section 4.1.3.
Unlike most language models, word embeddings are usually trained on sparsely
annotated or even raw data without any manual preprocessing but e.g. lowercasing
and removal of stop words like the, it and so forth. This is particularly useful since
it allows the training of embeddings on an arbitrary corpus of raw text data and
17

http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/
last accessed 2018-03-19

10

avoiding possible influence extensive preprocessing may have on hidden biases.
The vectors hereby created have shown to map reasonable semantic and syntactic
regularities and relations between words, an example of which can be seen in figure
1.

Figure 1: Example vectors in a word embedding for the relations female (bold line)
and plural (dotted line).
The similarity between two vectors can be calculated with the commonly used
cosine similarity:
u·v
cos(u, v) =
(1)
kukkvk
Results in previous work have demonstrated that similar vectors in these vector
spaces tend to represent semantically similar words. As an example, the closest
vectors to that of apple would often be banana, orange, avocado and other types of
fruit. The powerfulness of these vectors is also supported by work like [2], who used
them to recreate a psychological test, and the replication of occupational statistics in
[1, 2]. This fact can be utilized to ask questions like father is to a doctor as mother is
to X yielding the answer nurse in [1]. In my case, I ask the question “How closely
associated is a word with male and female?”.
4.1.2 word2vec
The specific architecture I chose to use is called word2vec. First introduced in 2013 [4]
it gained great popularity amongst and has widely been used and tested on a variety
of tasks [1, 2, 25]. The code18 was published under an open license (Apache License
2.0) allowing reproduction and enhancement to the machine learning community
and everyone possibly interested. The novel feature learning tool makes training
18
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powerful word embeddings possible even for great amounts of data simply by using word2vec and tweaking its parameters suitably for the desired task. There also
are some limitations like consideration of multi-word phrases, word sense disambiguation and more, some of which have already been addressed by the authors
themselves [5] and other researchers.
For this thesis I don’t change anything about the architecture itself and only adjust
the parameters to ensure easy reproducibility and understanding of my proceeding.
Notably, I use the Python implementation by Gensim [26] since the remainder of my
methods are written in Python as well and also because the implementation has a
few perks itself like significantly faster learning, a more advanced API documentation and the ability to feed the text data to the algorithm in a stream native to Python
which keeps the memory footprint low.
Model choice. At this point I should mention that word2vec is not the only tool for
creating vector representations of words. Instead of words, topic models like Latent
Semantic Analysis (LSA) [27] and Latent Dirichlet Allocation (LDA) [28] used documents as contexts capturing semantic relatedness (e.g. boat - water) rather than semantic similarity (e.g. boat - ship)19 . Next to the prediction-based word2vec a widely
used model for vector representation is the count-based Global Vectors (GloVe) [6].
The superiority of either of these two models is arguable, i.e. there is research elevating the better results gained with prediction-based models [7] and such contradicting this statement while emphasizing the importance of hyper-parameter (corpus size, domain etc.) and application parameter (context window, dimensionality
etc.) optimization. Due to the ease of use and the frequent recommendation I chose
word2vec, although I note that GloVe could also be used for my approach.
Parameters. To obtain a word embedding of meaningful quality I adjusted the
model’s parameters accordingly. The dataset I work with consists of 3B words with
a vocabulary of 1M words derived from comment threads on Reddit. For training
my vector space I set the number of features, i.e. the dimensionality of the vectors, to
300, the context window size to 5 words before and after the target word and a subsampling rate of 10−3 to reduce the impact of the most frequent words like the, it and
a. In order to have a computationally feasible number of words in the vocabulary
and ignore extremely infrequent words which are often typos and invented words,
the default minimal count option discards all words appearing less than 5 times from
the input data actively reducing the initial vocabulary size of 6.8M words to 1M.
Negative sampling of 5 words in each training instance drastically reduces the computational cost. A more in-depth explanation of these parameters’ functionality is
given in section 4.1.3.
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Figure 2: Architecture of the skip-gram model [29]
4.1.3 Skip-gram model
So how does the vector computation work in detail? For a training instance all I
need is one-hot encoded vectors, i.e. vectors of dimensionality |V | (the vocabulary size) with only one value 1 representing
the word itself and zeros

 everywhere
else, e.g. orange = 1 0 0 . . . 0 , banana = 0 1 0 . . . 0 and apple =
0 0 1 . . . 0 . This way I can generate a sheer endless number of training instances simply from raw unannotated text. In this section I will explain in some
detail how training an embedding works and how the neural network is utilized,
however to avoid unnecessarily bloating the thesis I’ll leave out update and derivation formulas standard to a neural network and less relevant to understanding the
process.
With the skip-gram model (see figure 2), in each training instance the input to
the NN is the target word as a one-hot encoded vector xk , consisting of only zeros
except for a 1 at the k th position, representing the single input word. The output of
the NN consists of the one-hot encoded vectors {y1 , . . . , yC } representing the words
occurring in the window of size C around the target word xk . For C = 5 this means
the 5 words before and the 5 words after the target word in the corpus. WV ×N and
W0 V ×N denote the input→hidden weight matrix and the hidden→output weight
matrix respectively, with a dimensionality of V (vocabulary size) times N (embed19
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ding dimensionality = number of features). Each row I of WV ×N corresponds to the
vector representation vwI and each column I of W0 V ×N corresponds to the vector
0 of a word w in the vocabulary. These rows in W
representation vw
I
V ×N , also called
I
20
input vectors , are the heart of word2vec and make up the vector space allowing me
to conduct the metric and tests in the following sections.
Forward propagation. Before this randomly initiated weight matrix contains any
interesting relations though, it needs to be updated in the process of training on
a great number of training instances. In each such instance, forward propagation
starts at the input layer with the one-hot encoded vector xk . Continuing, the input
to a neuron hi in the hidden layer h is the weighted sum of its inputs. Because
the input vector xk is a one-hot encoded vector and since the activation function
of the hidden layer neurons is linear (i.e., the function passes on the input), this
operation simply “copies” the k th row of WV ×N to h. The inputs to the C × V
output nodes are determined in the same manner of computing the weighted sum
of inputs. The neurons in the output layer then apply the softmax function which
produces a multinomial distribution for each node j of all words c, thus yielding
the node’s output. In other words the output layer computes the probability for
each value j to be equal to the actual value of the one-hot encoded vectors of the
ground-truth.
Backpropagation. Now that the input values have been forward propagated
through the network and the output is computed, backpropagation starts and the
loss-function can be calculated. It denotes the negative log likelihood
−logp(wO,1 , wO,2 , . . . , wO,C |wI )

(2)

of the output words wO,1 , . . . , wO,C given the input word wI , which training aims to
minimize (thus maximizing the probability). By taking the derivative of this function with respect to the output layer inputs the prediction error is computed. Using
further derivatives going back, via stochastic gradient descent first the hidden→output
layer weights and subsequently the input→hidden layer weights are updated with
a learning rate that is steadily decreasing. The purpose of this whole process is to
evaluate the error and go back in the network to adjust the weights accordingly.
This way the word-vectors in these matrices sequentially incorporate more contextual information and meaning in terms of their relation to other word-vectors.
Negative sampling. Recall that at the output layer there are the one-hot encoded
vectors {y1 , . . . , yC }. In backpropagation the weights of W0 V ×N are updated for
each node of the output layer. Applied to my proceeding, I set a window size C
of 10 and a number of N = 300 features for the model training and my vocabulary
size resolves to just about 1 million words. The weight matrix W0 therefore has the
dimensionality of 300 × 1000000 and there are 10 one-hot encoded vectors, one for
each context word in the window C, with V = 1000000 entries. Without negative
sampling, the weight matrix would be updated for each of these 1 million entries of
20
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which only one value is 1 and all other 999.999 are 0. Intuitively, if the input word
was apple and one of the context words banana, this would add a small proportion
of the vector representation for banana, wbanana , to the vector representation for apple, wapple , thus moving wapple a little closer to wbanana . For all other words in the
vocabulary (“negative words”), which are not the word banana we are observing in
this example (“positive”), a small proportion of their vector would be subtracted
from wapple . This would mean almost a million adjustments to the weight matrix
per word in the context per each of the billions of training instances, quite likely
leading to overfitting of the model. Therefore I use negative sampling introduced in
[5], which instead of updating the weights for all words in the vocabulary only updates them for the positive word and a chosen number of negative words. In my case
5 negative words are being drawn from a unigram-distribution depending on their
overall frequency. This leads to an immense speedup of the training process.
4.1.4 Training and Evaluation
Training. With the parameter setup discussed in section 4.1.2 and the functionality
described in section 4.1.3, the model was trained in 24.5 hours using 4 threads of a
3.2GHz Intel Core i5-3230M machine for 5 iterations over a corpus of 3B words.
Evaluation. To evaluate the significance of the vectors in my embedding I tested
my model on 3 different evaluation tests. The first test I used is the SemanticSyntactic Word Relationship Test [4] by the authors of word2vec themselves. The test
set consist of 8869 semantic and 10675 syntactic questions with 2 word pairs each.
An example for a semantic question would be Athens is to Greece as Oslo is to X. If, for
the vector resulting from adding the vector between Athens and Greece to Oslo, the
closest word-vector is Oslo, the question is assumed to be answered correctly. An
example from the syntactic test set would be easy is to easiest as lucky is to luckiest. The
evaluation of my model using this test resulted in an accuracy of 69.76%. Compared
with the result of 66% from a model trained on 6 billion tokens in [5], I deem this a
very good result.
The next test conducted was the Word-Similarity 353 (WS353) Test 21 [30]. The test
set contains 353 word pairs with human-assigned similarity judgements derived
from two surveys in which participants were to estimate the relatedness of a word
pair on a numerical scale. The correlation of these judgements with the similarities
of the word pairs in the embedding is computed. My model’s performance on this
tests was measured with a Pearson’s ρ of 0.655 and a Spearman’s ρ of 0.705, keeping
up with or exceeding evaluations of other models [10, 8].
A third evaluation using the SimLex-999 [31] test set, which is similar to WS353 but
contains ratings measuring word similarity rather than relatedness or association,
yielded a Pearson’s ρ of 0.389 and a Spearman’s ρ of 0.376, which is okay but not as
good as the best skip-gram model in [8].
21
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Altogether these tests show that the model created for this thesis is as powerful
as other state-of-the-art word embeddings despite the highly informal training data
(see section 4.2).

4.2 Data
In this section I will describe the data I worked with. This includes the structure
of the data’s source Reddit and the API made available by them. I will further
describe the topic clusters I derived from Reddit and how I used the tf-idf statistic to
determine the most relevant set of words for each cluster. Following that I present
the gender bias score I developed to measure a words gender association and used
to compile my statistics. The last subsection covers the Kruskal-Wallis Test used to
evaluate this thesis’ hypotheses.
4.2.1 Reddit and Crawling
Reddit generally has a very tree-like structure. Reddit itself contains a great number
of Subreddits and each Subreddit can contain a certain number posts. Each of these
posts contains a tree-like structure of comments where every comment can have a
sub-comment thread of arbitrary depth. These comments contain the textual data
needed for this thesis.
Similar other social networking sites like Facebook, Reddit offers its own API22 to
access these data structures. One of the many reasons I chose Reddit as the subject
of analysis is that the API terms23 do not prohibit the usage of either the API or
the data retrieved for non-monetary gains. There certainly are restrictions I need
to comply with. In addition to the obvious legal statements, there are three main
demands for the API use one has to consider:
1. Authentication must happen via OAuth2.024 and user credentials.
2. Available user-agent must be linked to the account used for authentication.
3. The maximum of 60 requests per minute must not be exceeded.
Luckily I found an API wrapper that allows crawling Reddit while respecting the
API terms automatically. This is especially helpful since prior work with other APIs
has shown that even accidental violation of their terms can have unpleasant results
ranging from extended timeouts to being banned from using the API or the website
itself, so crawling Reddit without a wrapper is a lot more laborious[14].
The wrapper I use is the called PRAW (Python Reddit API Wrapper)25 . The wrapper allows traversing a post’s comment thread breadth-first and saving the comment
22
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https://oauth.net/2/
25
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data. To obtain the maximum amount of text data and also the text data most popular in a specific Subreddit, I crawled the top-of-all-time posts, i.e. the posts with
the highest voting score in the Subreddit. Notably only a maximum of 1000 posts
per Subreddit were crawled since that is the API maximum for posts returned per
Subreddit.
4.2.2 Topic Clusters
Because I want to compare different topics across Reddit, I need to define these. Due
to the lack of work I found concerning the comparison of gender stereotypes in more
than two or three topics, this list follows prior knowledge on gender stereotypes,
Subreddit categorizations from Reddit users2627 and websites categorizing Reddit28 .
The 10 resulting from the process topics were:
1. Politics
2. Gaming
3. Sports
4. Science
5. Gender
6. Family
7. Arts
8. Religion
9. News
10. Food
I continued by declaring a list of associated Subreddits for each topic. Thereto I
used both the aforementioned categorization lists of Reddit users and also the related
Subreddits area (also mentioned in [14]) many popular and more general Subreddits
contain in their description. As an example, the Subreddit /r/politics has a list of most
Subreddits related to politics or politicians and the Subreddit /r/arts has a several
lists for different kinds of arts.

26

https://www.reddit.com/r/TheoryOfReddit/comments/1f7hqc/the_200_most_
active_subreddits_categorized_by/?st=jaqr49oj&sh=b6e58783
27
https://www.reddit.com/r/ModeratorDuck/wiki/subreddit_classification
28
http://redditlist.com/
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Topic
Gaming
Religion
News
Politics
Family
Arts
Food
Science
Sports
Gender

Sample of words with highest tf-idf scores
sanic, roguelike, steamos, killzone, lootboxes
sikhi, theism, deism, anglo-catholic, liturgy
neutralnews, bannon, wcvb, daraprim, nemtsow
agorism, blmkidnapping, fakenews, progun, superdelegate
stepparenting, similac, babywearing, birthmother
inktober, colorwork, knitpicks, photobashing
caramelize, banh, slowcooker, frittata, ganache
labview, neutrino, polynomial, geostationary
canelo, klinsmann, mcgregor, weidman, cruiserweight
smv, hypergamy, detransition, pansexuality, genderist

Table 1: Samples of the words with the highest tf-idf scores for each topic
4.2.3 tf-idf
tf-idf stands for term frequency - inverse document frequency and is a numerical statistic
computed for all words in a document that is meant to reflect a words importance
in that document. The tf-idf score for a term t of document d with respect to the the
set of total documents D is computed as follows
tf − idf (t, d, D) = tf (t, d) · idf (t, D)
idf (t, D) = log(

N
)
|{d ∈ D : t ∈ d}|

(3)
(4)

with tf (t, d) simply being the raw count of term f in document d and idf denoting
the logarithmically scaled fraction of documents term t occurs in. Understanding
term frequency is intuitive, the inverse document frequency acts as a dampener. When
a word occurs very frequently in a document and also occurs in every other document, it has a low importance for characterizing the document. This is the case for
words like the, to, a and other stop words. The terms that are assigned a higher tf-idf
score have to occur very frequently in one document and occur in a low number of
the remaining documents.
I used this score to determine the most important words for each of the topic
cluster corpora. As an example, some of the words for the gender cluster corpus
with the highest tf-idf score are trans, cis, dysphoria and gender due to their high raw
count in the gender cluster and rare occurrence in any of the other corpora. A small
sample of words with a high tf-idf score can be seen in table 1.

4.3 Gender Bias Score
The Gender Bias Score - abbreviated by GBS henceforth - is a value that defines the
association strength between a word and the concepts male and female. First I define
a words bias as the difference between the association of the word with male and
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its association with female. I spend a considerable amount of time trying to find a
good representation of both gender concepts before I came back to the very straight
forward solution also supported by the observations in [1], that the vectors for he
and she denote the concepts accurately with a high correlation to sets of definitional
and stereotypical words solicited from a the crowd they surveyed. Thus, I can define
a word to have a stronger association to female if
~ − cos(~
~ <0
cos(~
vi , he)
vi , she)

(5)

and a stronger association to male if
~ − cos(~
~ >0
cos(~
vi , he)
vi , she)

(6)

. I evaluated this notion of gender association with a gender classification test based
on a set of gender specific words derived by [1] including female words like mother
and chairwoman and male words like father and chairman. Discarding 12 multi-word
phrases from the set I conducted the evaluation on a set of 206 gender specific words.
My definition of the gender association classified this set of words with an accuracy
of 83.01%.
Recalling the formula for cosine similarity (1), the GBSv~i of a word vector v~i is
further defined as
GBSv~i =

~
~
v~i • he,
v~i • she,
−
,
~
~
|~
vi | · |he|
|~
vi | · |she|

GBSv~i ∈ [−2, 2]

(7)

~ the distance of v~i and she.
~
which is the cosine distance of a word-vector v~i and he
On the GBS scale, -2 denotes a purely female associated word, 0 denotes a neutral
word and 2 denotes a purely male associated word. However these extreme values
are very unlikely for 300-dimensional vectors and I expect them to be closer to zero
but nonetheless meaningful.

4.4 Evaluation Methods
To evaluate my hypotheses from section 1.1 I use the Kruskal-Wallis Test [22], also
called one-way ANOVA on ranks, which is a rank-based non-parametric method for
testing whether two or more groups of an independent variable on an at least ordinal dependent variable show statistically significant differences.
The statistics I derive from my data consist of 10 groups of an independent variable topic on an interval dependent variable Gender Bias Score. I assume all groups
to be independent. The hypothesis testing is conducted using the Kruskal-Wallis H
Test for the 10 topic groups.
In case the null hypothesis is rejected, further analysis of the differences between
the groups can be realized by post-hoc testing using pairwise Mann-Whitney U Tests
[23] with a Bonferroni-Correction to avoid the multiple comparisons problem. The
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Topic Family Gender Food Religion Arts News Politics Gaming Science Sports
Median -0.0230 -0.0110 -0.0099 -0.0025 0.0027 0.0110 0.0138 0.0168 0.0217 0.0356

Table 2: Topics and their median, sorted from female (left) to male (right)
Topic
Gaming
Religion
News
Politics
Family
Arts
Food
Science
Sports
Gender

Female
h-scene, michiru, mangagamer
hijabis, theotokos, vaishnava
miesha, abedin, burkini
melania, pro-hillary, berniecrat
homebirth, breastfeeds, supermom
shaden, knitpicks, raku
foodgasm, moussaka, nigiri
sociolinguistics, petrology, dione
ronda, zingano, wmma
sexualised, braless, hypergamous

Male
carmack, machinima, pubg
epistles, mcconkie, josephus
shkreli, seaworld, erdogan
senate, mearsheimer, non-libertarians
predad, syber, caillou
voxel, debord, leica
cheesesteaks, precook, salumi
numberphile, bernoulli, fermat
jaylen, demar, federer
gaybro, gendercritical, redpillschool

Table 3: Samples of words with extreme female, neutral and extreme female Gender
Bias Scores for each topic
correction lowers the significance level α according to the number of tests conducted. In this case I test the null hypothesis that two groups are identical for all
pairwise permutations of the 10 groups, resulting in 45 comparisons and the following adjusted significance level
αinitial
0.05
=
= 0.001
(8)
m
45
with m being the number of tests and αinitial the originally set significance level.
α=

5 Results
In this section I present my results and their evaluation. The distributions of the
computed Gender Bias Score for each topic are shown in figure 3. Additionally, the
medians for each distribution in table 2 show their assumed tendencies.
Following the methodology described in section 4 I computed the Gender Bias
Score for the 1000 tf-idf -heaviest words in each corpus. A sample of words with
neutral, extreme male and extreme female scores are shown in table 3.

5.1 Hypothesis Testing
The null hypothesis defined at the beginning of the thesis assumes all observed
groups to be similar. Using the Kruskal Wallis H test for the 10 topics defined with a
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(a) GBS distribution for
(skew towards male)

politics

(b) GBS distribution for gaming
(skew towards male)

(c) GBS distribution for sports
(strong skew towards male)

(d) GBS distribution for
(skew towards male)

science

(e) GBS distribution for gender (no
significant skew)

(f) GBS distribution for family (skew
towards female)
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(g) GBS distribution for arts (skew
towards male)

(h) GBS distribution for religion
(skew towards male)

(i) GBS distribution for news (skew
towards male)

(j) GBS distribution for food (no significant skew)

Figure 3: The Gender Bias Score distributions for the 1000 most unique fords for each
of the 10 topics
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Topic Pair Gaming Religion News Politics
Gaming
6.97e-24 6.08e-4 1.21e-2
Religion
1.19e-11 2.42e-13
News
4.06e-1
Politics
Family
Arts
Food
Science
Sports
Gender

Family
1.37e-102
2.36e-42
8.04e-80
3.14e-79

Arts
5.83e-15
5.27e-3
1.64e-05
3.97e-07
4.55e-59

Food
7.26e-58
5.49e-09
2.49e-37
1.62e-39
3.90e-20
2.62e-19

Science
Sports
2.67e-3
3.29e-30
1.84e-44 1.25e-86
2.19e-11 7.59e-47
2.58e-08 2.83e-41
3.58e-142 2.92e-172
2.21e-31 3.31e-74
6.96e-94 3.16e-134
1.26e-22

Gender
1.54e-52
9.97e-11
7.78e-35
1.58e-36
3.19e-11
3.06e-19
1.72e-1
6.78e-80
4.14e-122

Table 4: p-values of the pairwise (row and column) post-hoc Mann-Whitney U Test.
Grey fields indicate that no significant difference was found, green fields
indicate the tests showing the most significant differences.
significance level of α = 0.05 I obtained a value of H = 1705.31 and a p < 1 · 10−323 .
Therefore I reject the null hypothesis in favor of the alternative hypothesis.
The result shows that there are highly significant differences among the 10 groups.
This suggests that, besides gender stereotypes generally observed in language, there
are disparities between language used in various communities.
Since this test does only suggest the existence of significant differences, but not
which groups they derive from, I conducted a number of post-hoc tests to gain further
insight.

5.2 Topic analysis
Similarities and differences. The Mann-Whitney U test was conducted on all 45
pairwise permutations of the 10 groups with a corrected significance level α = 0.001
as explained in section 4.4. The test suggested that 40 of the 45 permutations showed
significant differences. The exact results for each topic pair can be looked up in table
4.
Most interesting about this outcome are the tests where I couldn’t reject the null
hypothesis that the gender bias in both groups is similar and also those with the
highest U and p−values, thus indicating strong distinctions between the two groups.
Investigating the results in reference to the groups’ general tendencies I found that
the strongest female bias exists in the topic family whereas the strongest male bias is
exposed for the topic sports. This is confirmed by the fact that family and sports show
the most significant difference. Due to the extreme bias of both topics I assume
that the groups with greatest difference to either of them contain the opposite bias.
Thereby I assume that gaming, science and sports portray the group of predominantly
male biased topics and family, food and gender portray the female biased topics. news
and politics are also more similar to sports than to family with a trend to male bias. Interestingly, both arts and religion show only a slightly male skewed distribution and
no extreme similarity with either of the two extreme topics, thus being interpreted
as closest to neutrality of all groups observed.
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After looking at the most significant values obtained, I found that the previously
made assumptions correlate with the 5 tests where the null hypothesis withstood,
thus indicating a reasonable degree of similarity between the paired topics. These
similarities existed only between topics with the same suggested gender bias. Therefore the Mann-Whitney U tests not showing significant difference were those for
gaming-science, gaming-politics and politics-news (male bias topics), religion-arts (neutral topics) and gender-food (female topics). The two extreme topics sports and family
do not appear in tests with insignificant results.
Introspection. To conjecture how these relationships in terms of similarity or difference and the overall gender bias tendency emerged in my tests, I examined some
of the observed tf-idf words for each topic, some of which are shown in table 1, and
their Gender Bias Score.
These words from the extreme female biased topic family for example consisted of
many terms like “c-sections” and “prepregnancy”, whose female association is reasonable, but also words such as “birthfather” and “single-dad” which, regardless of
referring to a male person, often have a female association in the word embedding.
Additionally gender-neutral words like “similac”, a infant formula brand, have a
female association.
Words shaping the other extreme topic sports are in large part names of prominent
individuals in popular sports, such as demar, federer and klinsmann, which have a
strong male association. Female names are less common.
Another interesting observation can be made for the topic gaming, for which a
great proportion of more female associated words are names and terms from the
manga and the hentai scene.

5.3 Discussion
The presented results conformed my expectations for the most part. Associations
like science with male and family with female correlated with studies from prior work
[2, 12].
The strong male tendency of sports in view of the huge difference in popularity
between male and female sports. This inequity has experienced some minor improvement over the last decades with women teams in most imaginable forms of
sport but has yet to be actively revised by the sports industry and community [32].
politics also has a male bias congenital to current inferior numbers of women in office in the U.S.2930 and worldwide31 . This captures a prevailing stereotype and supports the notion people and in particular men are still doubtful of women in higher
political office ranks [33]. Although this stereotype persists, there has been a great
development from the circumstances 30 or 40 years ago, where women claiming
29

http://www.cawp.rutgers.edu/women-elective-office-2018 last accessed 2018-03-18
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last accessed 2018-03-18
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gender equality in politics was unimaginable, to today, where political institutions
still adhere to traditions but change is increasingly urged [34].
Another male based topic is gaming, although here I expected a stronger bias than
observed in my tests. This being said, the aforementioned words from e.g. the
hentai scene contributing some female association to the topic and the general male
tendency fit the stereotype of gaming being a male domain where the female role is
highly sexualized, thus deterring many females and upholding the bias [35].
With an existing but in relation to e.g. sports quite weak gender bias, news does
not correlate well with my expectations. As the stereotype of men being more likely
associated with career than women [2, 12], low numbers of women employed in
journalism and the lack of equal opportunities [36] would suggest a higher male
bias. One of the causes for this could be the fact that while this stereotype might hold
for the systems and hierarchies shaping news, many words derived from the topic
seem to come from the vast variety of issues appearing in news. My assumption is
that the discussions on very general and diverse topics lead to a less distinct bias in
news language.
One of the topics I assumed to contain a female bias is gender. The underlying
community is very heterogeneous and includes individuals of many kinds different
kinds of sexual identification and orientation as well as both people from radical
feminism to the equivalent for masculism. While the overall bias is rather female,
the high amount of close-to-neutral words was surprising. At this point it is noteworthy that, relative to the generally bigger number of male biased groups in this
test, already a small female bias stands out. The similarity to and female bias of
food however does not meet my expectations, as I assumed relative neutrality for
the topic suggested by equal interest from men and women32 .
The remaining two observed topics, arts and religion disagree strongly with my
expectations. Both topics are relatively neutral in terms of their gender bias, whereas
the expectation was for religion to contain a stronger male bias and a stronger female
bias for arts as suggested by [2, 12]. For the latter it is notable that [12] made the
statement about the stronger association between arts and female compared to male
for their definition of “liberal arts”, e.g. philosophy, arts and humanities, and “arts”,
e.g. poetry, dance and sculpture. The underlying community for the topic arts on
Reddit covers a wider variety of art forms, including things like architecture and
photography, which might have contributed to a less female association of the topic,
suggested by e.g. the words “leica” and “starchitecture” having a strongly male
GBS.

6 Conclusion
Throughout this thesis I have shown that the gender bias in topics across Reddit
is significantly different by presenting a method to expose and evaluate this bias
32

https://www.statista.com/statistics/295461/gender-distribution-of-usspecialty-food-consumers/ last accessed 2018-03-27

25

and its manifestation in the language used by users active in the varying communities. Further analysis on the correlation between the observed gender associations
in words most unique for each topic and the existing stereotypes linked to these has
both supported discoveries of prior work as well as veered from them.
I acknowledge possible weaknesses of this exploratory approach concerning the
number of elements leading to my results that can be exchanged or used with a
different optimization. Most notably this includes the data obtained from Reddit,
which has been retrieved according to my prior knowledge and related work, and
the definition of words most unique for a specific topic. These approaches constitute
yet sparsely investigated opportunities for future research on Reddit and distinct
topics in online communities.
In conclusion I hope this thesis and its novel approach on exposing gender stereotypes inherent to topics in online communities inspires future work with more bold
assumptions on the matter.

References
[1] Tolga Bolukbasi, Kai-Wei Chang, James Y. Zou, Venkatesh Saligrama, and
Adam T. Kalai. Man is to computer programmer as woman is to homemaker? debiasing word embeddings, page 4349–4357. 2016.
[2] Aylin Caliskan, Joanna J. Bryson, and Arvind Narayanan. Semantics derived automatically from language corpora contain human-like biases. Science,
356(6334):183–186, Apr 2017.
[3] Tomas Mikolov, Wen-tau Yih, and Geoffrey Zweig. Linguistic regularities in continuous space word representations, page 746–751. 2013.
[4] Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. Efficient estimation
of word representations in vector space. arXiv preprint arXiv:1301.3781, 2013.
[5] Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S. Corrado, and Jeff Dean.
Distributed representations of words and phrases and their compositionality, page
3111–3119. 2013.
[6] Jeffrey Pennington, Richard Socher, and Christopher Manning. Glove: Global
vectors for word representation, page 1532–1543. 2014.
[7] Marco Baroni, Georgiana Dinu, and Germán Kruszewski. Don’t count, predict!
A systematic comparison of context-counting vs. context-predicting semantic vectors,
volume 1, page 238–247. 2014.
[8] Omer Levy, Yoav Goldberg, and Ido Dagan. Improving distributional similarity with lessons learned from word embeddings. Transactions of the Association
for Computational Linguistics, 3:211–225, 2015.

26

[9] Xin Rong.
word2vec parameter learning explained.
arXiv:1411.2738, 2014.

arXiv preprint

[10] Siwei Lai, Kang Liu, Shizhu He, and Jun Zhao. How to generate a good word
embedding. IEEE Intelligent Systems, 31(6):5–14, 2016.
[11] Janet Holmes and Miriam Meyerhoff. The handbook of language and gender, volume 25. John Wiley & Sons, 2008.
[12] Brian A. Nosek, Mahzarin R. Banaji, and Anthony G. Greenwald. Harvesting implicit group attitudes and beliefs from a demonstration web site. Group
Dynamics: Theory, Research, and Practice, 6(1):101, 2002.
[13] Anthony G. Greenwald, Debbie E. McGhee, and Jordan LK Schwartz. Measuring individual differences in implicit cognition: the implicit association test.
Journal of personality and social psychology, 74(6):1464, 1998.
[14] T. Steinbaur. Information and social analysis of reddit. Retrieved from TROYSTEINBAUER@ CS. UCSB. EDU, 2012.
[15] Philipp Singer, Fabian Flöck, Clemens Meinhart, Elias Zeitfogel, and Markus
Strohmaier. Evolution of reddit: from the front page of the internet to a self-referential
community?, page 517–522. ACM, 2014.
[16] Jay Caspian Kang. Should reddit be blamed for the spreading of a smear?
The New York Times, Jul 2013. https://www.nytimes.com/2013/07/28/
magazine/should-reddit-be-blamed-for-the-spreading-of-asmear.html last accessed 2018-03-25.
[17] Maeve Duggan and Aaron Smith. 6 Pew Internet & American Life Project, 3:1–10,
2013.
[18] Pam M.S, Nugent. What is gender stereotypes? definition of gender stereotypes (psychology dictionary), May 2013.
[19] Francisco O. Ramirez, Yasemin Soysal, and Suzanne Shanahan. The changing
logic of political citizenship: Cross-national acquisition of women’s suffrage
rights, 1890 to 1990. American Sociological Review, 62(5):735–745, 1997.
[20] Michael Pearson CNN.
Women in saudi arabia vote for the first
time.
https://www.cnn.com/2015/12/12/world/saudia-arabiawomen-vote/index.html last accessed 2018-03-28.
[21] Latanya Sweeney. Discrimination in online ad delivery. Queue, 11(3):10, 2013.
[22] William H. Kruskal and W. Allen Wallis. Use of ranks in one-criterion variance analysis. Journal of the American Statistical Association, 47(260):583–621, Dec
1952.

27

[23] H. B. Mann and D. R. Whitney. On a test of whether one of two random variables is stochastically larger than the other. The Annals of Mathematical Statistics,
18(1):50–60, Mar 1947. Zbl: 0041.26103.
[24] ZS Harris. Distributional structure. Word, 1954.
[25] Judy Hanwen Shen and Frank Rudzicz. Detecting Anxiety through Reddit, page
58–65. 2017.
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