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Abstract

Social media and digital platforms allow us to freely and easily express our opinions to a wide audience. In this study, we
investigate gender-based differences in online communication, specifically on Twitter (now X), in the context of soccer, by
analyzing patterns of participation, sentiment, and engagement across male and female users. As one of the most popular
sports, soccer engages a diverse audience on social media, regardless of expertise. We collected 9.5 million tweets related
to soccer in English and Portuguese during three months (March - June 2022). Only 18.38% tweets were identified as
written by women, highlighting a possible gender gap already in the number of people who participated actively in this
topic. We analyze tweets in Portuguese and English, as these languages represent different perspectives on soccer. Eng-
lish serves as a proxy for global discussions, while Portuguese reflects more localized but deeply engaged communities.
We observe that women and men communicate more between each other in Portuguese than in English, exhibiting lower
homophily within their social networks. However, this difference in homophily does not appear to influence how women
and men express emotions and sentiments, suggesting that these aspects may be shaped by other factors such as societal
expectations, gender role socialization, online community dynamics, visibility constraints, or other gender-related norms
and characteristics. Women express their emotions more intensely in response to events than men, regardless of the differ-
ences in the number of tweets, and men tend to be more negative in their tweets than women. Our study reveals persistent
gender gaps across both weeks and hours through qualitative and quantitative analyses, including detailed text-level and
network-level examinations. These findings underscore the importance of identifying and reporting gender disparities in
online communication to foster more inclusive spaces where individuals can freely express their opinions.

Keywords Gender biases - Social media - Online communication -+ Homophily

1 Introduction

Social media platforms, such as Twitter' (currently known
as X), Instagram, and Reddit, have emerged as significant
channels for self-expression. The versatility, convenience,
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to access instantaneous information from official as well as
unofficial sources [2].

However, on social media, it is often observed that some
influential groups — commonly majorities — dominate the
communication, and as a consequence, the minority or less
influential groups do not feel as free to express [3]. Past
research has explored gender- related differences in offline
as well as online communication spaces, such as Twitter [4,
5], Stack Overflow [6], Wikipedia [7], and YouTube [8]. For
instance, Messias et al. [9] showed that, in general, white men
are more likely to be followed on social media and acquire
higher positions in rankings and ratings on Twitter; only after
the top 14% most followed users, there are higher fractions
of women than of men. This can also be translated to spe-
cific topics (e.g. Sports, Politics, News, Technology, Indus-
try, and Art) [10, 11] where women tend to be less influential
as well as hold lower-ranking/percentage in top influential
females. Thus, thoughts and narratives of a particular group
(e.g. males) linger more on Twitter and are more likely to get
traction probably due to this participation imbalance, gender
biases and constructs [5]. Many social, contextual, and devel-
opmental factors play a role in perpetuating biases and stereo-
typing in society that is manifested on social media [12—14],
and the only way to change this wave is to encourage better
online environments and healthier conversations.

In social networks, people prefer to connect with similar
people, known as the homophily effect. Homophily influ-
ences their communication patterns and the information
dissemination among them [15, 16]. This homophily can
emerge from similarities emerging from individual or col-
lective characteristics and ideologies. For instance, on Twit-
ter, users also have topical homophily where people having
an interest in similar topics are more likely to follow and
interact with each other [17]. However, popular and influ-
ential people who share similar statuses or who post about
the same topic more frequently are less likely to retweet
each other’s tweets [18]. Thus, people tend to interact with
people who share similar beliefs and backgrounds, but pop-
ularity plays a different effect, a rich-get-richer effect [19],
where minorities in a topic disappear in the middle of influ-
ential and majority groups.

The impact of gender on topical homophily has not yet
been fully explored. We are interested here in analyzing the
gender gap in online communication. We focus our analysis
on a topic that is widely spoken worldwide: Soccer (or Foot-
ball). In fact, the last World Cup was watched by around 5
billion people out of a world population of almost 8 billion
[20], indicating the worldwide popularity and importance
of the topic that drives billions of communities and dollars.
There are several additional reasons for selecting soccer
as the focus of this case study. Unlike specialized domains
such as STEM or politics, where participation often requires
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domain-specific knowledge, soccer represents a more uni-
versally accessible topic. This accessibility encourages
broader engagement and interaction among diverse users,
making it a valuable lens through which to explore gen-
dered patterns of communication. Furthermore, we specifi-
cally chose to analyze data in both Portuguese and English
to capture variations in levels of engagement and popularity
across different linguistic and cultural contexts.

In this study, we aim to address the following key
research questions: Are there gender-based differences in
communication patterns depending on the popularity and
familiarity of a topic? Are there significant differences in
how women and men represent themselves on social media,
and do they respond differently? Do women’s emotions and
sentiments vary across languages when discussing similar
topics? Finally, how do communication networks and the
roles of women and men within them differ in networks
shaped by different levels of topic familiarity, and how does
this influence varying levels of homophily?

Over three months, we collected soccer-related tweets
using the Twitter API, building a dataset of 7 million English
tweets from 2 million unique users and 2.6 million Portu-
guese tweets from 500 thousand unique users. We specifi-
cally included Portuguese because, in Brazil and Portugal,
soccer is more than just a sport — it is a cultural backbone.
People grow up immersed in it, leading to deeper engage-
ment, appreciation and more active participation compared
to regions where soccer holds less prominence.

Women make up almost half of the population and 38%
ofthe soccer fan base [21], and yet we only observed 18% of
tweets were from women. Across our dataset, women were
found to be much less likely to talk about soccer compared
to men and exhibited more retweeting behavior. This can
be an evidence of a starker gender gap. Through our study,
we investigate various ways in which men and women
behave differently in terms of communicating, such as type
of content, frequency of content, linguistic style, and tweet-
ing behavior in a community. We conduct three levels of
analysis: text-level, network-level, and event-level, to gain
insights and answer the research questions. We observe that
the Portuguese network has lower homophily than the Eng-
lish network, showing that more interactions between men
and women might be related to the popularity of a topic,
making it more inclusive. For both languages, we observed
that women and men can display unhealthy comments and
reactions and that both genders are likely to display intense
emotions, but the intensity is dependent on different types
of emotions. For instance, women are more likely to show
joy and anticipation, and men are more likely to show fear
and disgust.

Twitter can play a significant role in creating safe spaces
and communities for women by providing platforms for
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communication, support, and advocacy [22, 23]. Women
can use Twitter to connect with others who share similar
experiences, challenges, and interests, which can provide
a sense of belonging and support. Twitter enables women
to amplify their voices and share their stories with a
broader audience [24], which can influence other women
to join the trend and be vocal about their thoughts, opin-
ions, and interests.

Here, we aim to promote a healthier and more equitable
online environment, ensuring that everyone can express
themselves freely without fear of judgment. We look into
the factors that make a space comfortable for everyone
to express freely without fearing judgment. UNESCO
launched a #ChangeTheGame campaign to encourage
gender equality in sports as they believe that football can
act as an effective medium to reduce the gender gap and
empower women worldwide [25]. Analyzing the evolu-
tion of online communication can help develop interven-
tions that foster safer digital spaces and encourage broader
participation—not only in soccer-related discussions but
across various topics. This might ignite a change from
the grassroots level and amplify women’s involvement in
the game across all levels, right from players, fans, sports
experts, coaches, and positions in governance organiza-
tions. While our current analysis is limited to binary gen-
ders due to privacy, ethical, and computational constraints,
we recognize the importance of expanding future research
to encompass a broader gender spectrum.

Our paper is structured into six sections. Next, we review
related works, followed by a detailed description of our
dataset. Then, we present our analysis and key findings.
The paper concludes with a discussion and suggestions for
future research.

2 Related work

Certain topics, such as science, technology, or politics,
require domain expertise, which may discourage some
individuals from participating. To ensure a broad and inclu-
sive analysis, we focused on soccer — a globally popular
sport with cultural significance in countries like Brazil and
Portugal. This section reviews research on topic-specific
social media datasets, explores gender biases in online dis-
cussions, and examines how emotions and sentiments differ
by gender.

2.1 Sports and social media
Twitter has changed sports media relations by shifting the

landscape from a one-to-many model to a dynamic many-
to-many interaction, reshaping media roles and engagement

between journalists and stakeholders [26-28]. Gibbs and
Haynes [27] interviewed sports media professionals in the
U.S. and Canada, revealing that Twitter has disrupted tra-
ditional sports hierarchies and become the most influential
social media platform for sports.

Sports are among the most discussed topics on social
media, following entertainment and event-related news [29].
Fan loyalty plays a key role in Twitter discussions, reflect-
ing a commitment to teams or players. Fans engage with
sports organizations, news channels, and athletes for live
updates and interaction [30]. This loyalty is driven by team
attraction, trust, and involvement, developing over time
[31]. Retweeting sports news is influenced primarily by per-
sonal interest, outweighing factors like tweet style, informa-
tiveness, originality, and source credibility [32]. Similarly,
sports Twitter consumption is mainly driven by information,
entertainment, time pass, and fanship rather than accessi-
bility, economics, skills, or social constraints [33], offering
valuable insights for sports marketing research.

Twitter’s filtered tweet stream can automatically iden-
tify key events in live sports broadcasts [34]. Researchers
have examined how athletes use social media to engage
with followers and promote their teams or brands. Most ath-
lete-related tweets focus on interactivity (34%), with fewer
posts dedicated to team promotion (15%) or personal brand
endorsements (5%) [35]. Studies highlight that athletes pri-
marily use Twitter for direct engagement rather than self-
promotion, while sport-for-development nonprofits utilize
the platform to share information, engage followers, and
drive offline support [36, 37]. However, Svensson et al. [36]
found that while interactive communication is common,
most organizations rely on one-way messaging, with calls
to action being rare. The use of Twitter for information shar-
ing, engagement, and mobilization varies across organiza-
tions, showing no clear link to revenue, age, social issues,
or operational reach.

2.2 Gender biases on social media

People often use social networking sites for self-promotion.
However, a survey-based study showed that women priori-
tize relational uses (e.g., maintaining close ties), whereas
men focus on accessing general information while using
these platforms [38]. Some fields and topics, such as sports,
STEM (Science, Technology, Engineering, and Mathemat-
ics), and politics, are more commonly associated with men
[7, 24], which can lead to their increased participation in
these conversations. Thus, in these contexts, women can feel
more hesitant to talk about such topics and more inclined
to certain professions due to gender norms and constructs.
Skewed narratives and perspectives get reinforced as a con-
sequence and get embedded as a subconscious behavior. To
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move against this reinforcement, we need to be aware of
gender differences to promote more diversity, inclusivity
and fairness in online platforms. Studying the population
on Twitter can give us a proxy of different demographic cir-
cumstances, which has been shown, for instance, for many
aspects of Politics [39—41]. This makes it a useful tool for
gathering insights that would typically require surveys,
which can be really hard to conduct, time consuming and
expensive.

Research shows that women are actively engaged in
soccer-related discussions, but gender-based differences
remain. Yoon et al. [42] found that women use Twitter pri-
marily for entertainment, while Clavio et al. [43] showed that
female fans contribute more to sports team feeds than men,
relating to in-game updates, game results, individual player
news, contests, giveaways, and ticket discounts. They also
use social media more at stadiums and engage more with team
Tweets. Grace and Mueller [44] studied NFL Twitter data and
found that women were underrepresented in mentions despite
comprising 46% of the fanbase. These studies call for better
representation and more inclusive communication in male-
dominated spaces like soccer. For instance, Hu and Kearney
[24] found that women demonstrate stronger group cohesion,
tend to promote their tweets more than directly engaging, and
focus more on family-related topics than men. These findings
suggest that social media platforms can play a role on ampli-
fying the voices and visibility of marginalized groups, pro-
viding a safe public sphere or reducing inequalities in a long
term. Therefore, it is crucial to further explore gender-driven
communication patterns on social media and work towards
enhancing the sense of community online.

Emotions and sentiments can serve as valuable indica-
tors for understanding the sense of community and fostering
healthy online environments. Researchers have explored the
expression of sentiments [45] and emotions [46] with differ-
ent genders using simple and complex techniques [45—47].
For instance, Thelwall et al. [48] analyzed MySpace data
and observed that women give and receive more positive
comments than men, though no gender difference was
observed for negative comments. Interestingly, women often
express more positive emotions than men, especially when
interacting with other women [49]. An empirical analysis
of a large web forum dataset revealed that women express
opinions more subjectively than men and are more likely
to convey both positive and negative emotions [50]. If we
talk about STEM, users’ response towards women is gener-
ally positive; however, there are spikes in positivity during
events celebrating women’s achievements, such as Interna-
tional Day of Women and Girls in Science and International
Women’s Day, highlighting the impact of such campaigns
on people’s opinion [51]. In academic discussions on Twit-
ter, it has also been observed that women tend to express
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stronger emotions and sentiments than men in response to
specific events [52].

Happiness levels were consistently higher in women, and
their topics of discussion reflected greater positivity. Sev-
eral studies indicate that women are more expressive on
social media, particularly in expressing positive emotions
[49, 53-55]. Garcia-Rudolph et al. [56] found that women
exhibited significantly higher levels of positive emotions,
while men expressed more negative emotions, based on
Twitter data from stroke survivors. In the context of soccer,
Bagi¢ Babac and Podobnik [57] found that male and female
fans expressed intense emotions like anger and fear simi-
larly, but there were notable gender differences in express-
ing softer emotions like joy and sadness. Our study aligns
with existing literature, which indicates that women tend to
express stronger emotions and sentiments than men. How-
ever, we demonstrate that these intense emotional displays
are often triggered by specific events, whereas men tend to
express more consistent sentiments over time. Additionally,
we expand on this by showing that both women and men
can engage in toxic online behavior, highlighting the need
for improved mechanisms to foster healthier conversations.

3 Soccer-Tweet dataset

We collected data from Twitter over a span of three months
(March 7 to June 5, 2022) using the following pattern: “#Soccer
OR football OR futebol OR #soccer OR #football OR #futebol
OR #futball OR #futbol OR #fifa OR #CBF OR #brasileirao
OR #CopalntelbrasDoBrasil OR #Libertadores OR #Sudamer-
icana OR #CampeonatoDoBrasileiro OR #CopaAmerica OR
#ConfedCup OR #UEFACup OR #Supercup OR #WorldCup
OR #LaLiga OR #CopadelRey OR #Coppaltalia OR #Cou-
pedeFrance OR #premierleague OR #championsleague OR
#FACUP OR Confederations Cup OR #confederationscup OR
#ConfedCup OR Copa del Rey OR EFL cup”. With this col-
lected data, we infer the gender based on the first name of the
users using Genderize [58] and Namepedia [59]. After gender
detection, we discard tweets whose users cannot be exclusively
assigned a gender (male or female); this is a common limitation
when using public data [60].

After filtering, our dataset contains 6,957,598 tweets in
English (refereed by en): 5,767,122 (82.89%) from male
users and 1,190,476 (17.11%) from female users. Over a
three-month period, we identified 1,556,818 (78.68%)
unique male users and 421,996 (21.32%) unique female
users. For Portuguese (pr), we collected 2,572,247 tweets,
with 2,011,286 (78.19%) from male users and 560,961
(21.81%) from female users. The dataset included 365,045
(71.08%) unique male users and 148,539 (28.92%) unique
female users. Thus, for both languages, men are the majority in
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terms of users and tweets overall and per week (shown in Fig.
1). This imbalance in user participation on social media varies
depending on the topic, with female users more active in some
discussions on popular profiles or trends [61], and health top-
ics [62], while male users dominate conversations on political
issues [63] and cryptocurrency [64]. Our dataset is available at
https://github.com/akratiiet/Soccer-Twitter-Dataset.

3.1 Replies and retweets

We also consider the retweets and replies to examine
whether they have a distinct pattern from the original posted
tweets. We observed that in English, 68.91% of the female
tweets were retweets compared to 60.25% for males, and
in Portuguese, 59.07% of the female tweets were retweets
compared to 55.08% for males. For the replies, we observe
in English, 15.87%(23.21%) of female(male) tweets, and in
Portuguese, 20.67%(37.87%) of female(male) tweets. We
then observe that women tend to retweet more than men,
and the opposite is observed for replies.

4 Experimental analysis and findings

We divide our analysis into two parts - analyzing the content of
the tweets and analyzing the networks generated from the interac-
tion between users through retweets and replies. We find consis-
tent gender differences in online communication, and we highlight
the need for a more inclusive and healthier online environment.

4.1 Text analysis

Previous works have shown that women and men can
express themselves differently through language, reveal-
ing distinct patterns in their communication styles [65, 66].
Women often use language that is more emotionally expres-
sive, socially oriented, and warmer in tone. This means that
women may tend to include more emotional words, focus
on interpersonal relationships, and use language that con-
veys empathy and connection. In contrast, males typically
use language that is more descriptive and impersonal, and
prioritize conveying information in a straightforward and
factual manner, focusing less on emotional expressions or
social dynamics. In order to understand further how these
disparities are translated in language usage for online plat-
forms, we analyze tweets’ text using emojis, hashtags, senti-
ments, emotions, and other linguistic attributes.

4.1.1 Emoji usage analysis

A picture is worth a thousand words. The emojis we use
today in online communication are more than a tiny pic-
ture; they symbolize emotions. Emoji usage has increased
rampantly so much that the Oxford Dictionary declared the
emoji face with tears of joy (&2) as the word of the year
for 2015 [67]. The scientific research community has also
shown interest in analyzing emoji usage patterns in com-
munication as they communicate an emotional key element
of messages [68—71].
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We use the Emot [72] library to extract emojis from the tweet
text. After extraction, we analyze how emoji usage varies by
the two genders. We first observe differences in the top-ranked
emojis used by each gender. Fig. 2 shows the top 10 emojis and
the percentage of tweets that used at least one particular emoji.
This gives us insight into the type of emojis that are being used
by males and females in the context of soccer communication.
We see that for English tweets, the most widely used emoji
by females is a ball of football, and for males, it is fire. For
females, the same fire emoji is in the fourth position after the
laugh and award emojis, which indicates a more optimistic per-
spective. For males, if we also read the tweets, we find more
irony accompanied by the laugh. For Portuguese, we see that
men and women use mostly the soccer ball, but still have the

Fig.2 Top IO.Emojis and their A English

usage proportion by males and

females 71
o 61
o
3 51
>
:g 4
£
o 3
bS]
227
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use of fire in second place for men. For Portuguese tweets, we
see a high presence of the Brazilian flag for female tweets, indi-
cating that this community might be big for Portuguese tweets.
Comparing English and Portuguese tweets, we do see that for
Portuguese, there is a more diverse set of emojis and the use
of hearts, which aligns with the expected football passion for
countries such as Portugal and Brazil.

We found that in the English female tweet data around
32% of tweets contained at least one emoji as compared to
around 29.20% of the male tweets (Table 1). However, if we
remove the retweets, quoted tweets, and replies, and only
look at the original tweets, we find that 27.46% of tweets
by females had emojis, while only 18.94% of original male
tweets had emojis. The results indicate that emoji usage
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Table 1 Statistics of tweet content shared by females and males in english and Portuguese. Values in parentheses represent averages including

zeros, while values outside parentheses represent averages excluding zeros

Gender Tweets % with emoji mean # of emojis

mean # hashtags

% of positive % of negative % of neutral average sentiment

en female original 27.46% 241 2.69 20.88% 15.65% 82.11% 0.25
(0.66) (0.54) (12.29%) (5.60%) (82.11%) (0.18)

female all 32.01% 2.35 1.87 20.20% 15.63% 83.88% 0.28
(0.75) (0.43) (11.72%) (4.40%) (83.88%) (0.20)

male  original 18.94% 232 2.65 19.94% 15.49% 82.28% 0.24
(0.44) (0.42) (11.87%) (5.84%) (82.28%) 0.17)

male  all 29.20% 2.41 1.84 20.22% 15.42% 83.93% 0.29
(0.70) 0.37) (11.63%) (4.44%) (83.93%) (0.20)

all original 20.12% 2.34 2.66 20.07% 15.51% 82.26% 0.24
0.47) (0.44) (11.93%) (5.81%) (82.26%) 0.17)

all all 29.68% 2.40 1.85 20.22% 15.46% 83.92% 0.29
(0.71) (0.38) (11.65%) (4.43%) (83.92%) (0.20)

pt female original 14.53% 4.10 2.54 25.43% 22.11% 76.22% 0.13
(0.60) (0.10) (11.45%) (7.64%) (59.88%) (0.08)

female all 22.59% 3.11 1.72 24.40% 20.81% 79.14% 0.18
(0.70) (0.13) (10.35%) (5.92%) (61.10%) (0.10)

female original 9.70% 3.22 2.20 23.09% 20.83% 77.35% 0.10
(0.31) (0.11) (13.27%) (9.77%) (76.95%) (0.08)

female all 18.03% 2.77 1.70 22.61% 20.12% 79.75% 0.15
(0.50) (0.15) (12.52%) (7.96%) (79.51%) (0.10)

all original 10.56% 3.43 2.25 23.44% 21.01% 77.19% 0.10
(0.36) (0.10) (12.94%) (9.39%) (73.90%) (0.08)

all all 19.06% 2.86 1.71 22.94% 20.24% 79.63% 0.15
(0.55) (0.15) (12.03%) (7.50%) (75.35%) (0.10)
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tends to be more prevalent among females in both languages
(regardless of the differences in the percentage of emojis
across languages where we observe higher levels for Eng-
lish in Fig. 5). This finding aligns with the social norms [65,
66] and with the study by Chen et al. [71], where they report
that female users include emojis in a larger proportion of
text messages as compared to men.

Emojis are used further in sentiment and emotion anal-
ysis. We keep the emojis in their raw format while com-
puting the sentiment using VADER API [73] as the model
is capable of handling emojis. For emotion analysis, the
emojis were converted to their equivalent emotion text so
that they could be captured by the NRC-Emotion Intensity
Lexicon API [74].

4.1.2 Hashtag usage

Hashtags are a pivotal part of communication on Twitter
and help people follow the content related to a topic easily
using its specific hashtags [75]. In our dataset, from 7.53
million tweets, there are almost 3 million unique hashtags,
and 20.77% of the tweets had at least one hashtag. 23.12%
of the tweets with at least one hashtag were from females,
as compared to 20.28% of tweets from males. This shows
marginally higher hashtag usage behavior by women as
compared to men (aligned with the high temporal vari-
ance for the percentage of hashtags across weeks in Fig.
5). However, both women and men are more likely to use
one or two hashtags per tweet than several hashtags. The

average number of hashtags across genders is similar; for
females(males), it is 1.87(1.84) in English and 1.72(1.70) in
Portuguese. In Figs. 3 and 4, we observe that gender domi-
nance fluctuates weekly and hourly. Gender differences are
calculated using a bootstrap technique, where 80% of the
sample is resampled 1,000 times to compute average values.
For each distribution (men and women), we calculate the
difference in averages and perform a t-test to assess whether
the averages are statistically different. We claim no signifi-
cant difference between the groups only when the p-value
exceeds 0.001. Women generally use more emojis and post
a higher percentage of positive tweets, whereas men show
greater use of hashtags and a higher proportion of negative
tweets. On average, men express sentiment more frequently
than women; however, as discussed in the following sec-
tions, women tend to display more intense, abrupt, short-
lived emotional expressions, often linked to specific events,
as illustrated in Fig. 6.

4.1.3 Sentiment analysis

Analyzing sentiments from content helps us to understand
public opinions and preferences at a large scale for different
topics, such as events, policies, and laws [76-78]. We use
VADER (Valence Aware Dictionary for Sentiment Reason-
ing) API [73] to study how the tweets by men and women
differ sentimentally. VADER is widely used for social net-
work data due to its ability to handle texts with emojis, emot-
icons, extra punctuations, negations, use of contractions,
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Fig. 3 Gender differences extracted from the content of the tweets per
week. A Women tend to include a higher number of emojis over time.
B There is no gender dominance in the use of hashtags over time. C
Men tend to have higher average sentiment in comparison to women

as they are more consistent. D-F Women have a higher percentage of
positive tweets, and women post more neutral content over time. Men
tend to share more negative content
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Fig.4 Gender differences extracted from the content of the tweets per
hour. A Women tend to include a higher number of emojis regardless
of the time of the day. B Men are more likely to use hashtags hourly. C

Men tend to have higher average sentiment in comparison to women.
D-F Women have a higher percentage of positive tweets, and men tend
to share more negative content
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randomized capitalization, use of degree modifiers, senti-
ment-laden slang words, and acronyms. VADER is a lexicon
and rule-based tool to get sentiment scores across categories
‘Positive’ (compound score > 0.05), ‘Negative’ (compound
score < —0.05) and ‘Neutral’ (compound score between —
0.05 and 0.05) [73]. Therefore, each tweet is classified into
one of the three categories: positive, negative and neutral.

Overall, the average sentiment scores of both genders are
very similar (Table 1), but when we disaggregate the tweets
per week, we observe that women post more positive tweets
and also more neutral (Fig. 3); for negative tweets, we did
not observe any dominance. We do not observe any align-
ment with the temporal percentages across languages where
English tend to have more positive and neutral tweets than
Portuguese (Fig. 5).
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We further study how different genders show sentiments
for events, and the results are interesting. We show event-
based analysis for English in Fig. 6. We observe that females
tend to show more intense sentiments than males when some
events happen. For instance, we highlight events corre-
sponding to peaks of positive and negative sentiments, and
the same events can also be connected with emotion analy-
sis. The events corresponding to intense positive emotion in
English include - Real Madrid won the La Liga for the 35th
time and Champion League final won by Real Madrid, and
for negative sentiments, they include - Algeria Cameroon
Match Controversy, Dwane Haskins, Americal Pittsburgh
Steelers quarterback died in an accident and Ukraine lost
making way for Wales in the world cup. Similar results were
observed for Portuguese.



Gender biases in online communication: A case study of soccer Page 9 of 21 33
Junes:
Ukraine lost,
iti April 21: making way
r Positive ) Manchaster for Wales in
r‘:::\aso. United's Harry the World Cup
Maguire May 28
e Nautral Cameronn e ek Y Champions
I . match threat to his League Final won
Negative controversy home by Real Madrid

Female * - ‘l r

Male T - ]
1 | e e S e B |
~ MmN S MmN
§873353588
m MMM MM MMM m
2 ee 29I eees
NN N NN N NN NN
NN NN NN N NN NN
R RRRRRRRRKRR
More Positive
~ Less Positive
Female* I
Male f-
V s 1
~ @ =" M N~ oM
-3 I S L
m m M MMM MM m
I Ie! YIS
N NN N NN NN NN
™N N NN NN NN
RRRRRKRKRKRARR
More Negative S
Footballer Tom
Brady announced

cancelling his
retirement and

Less Negative returning to the
fields.
-~
Female*.
Male ',
~ - MmN~ oM
58394959889
MmomM MMM oMM oM
IIYIQYQYIII
NN N NN NN NN
NN N NN NN NN
R RRRRKRKRKR

~
4
m
=]
~
~
8

2022-03-25
2022-03-27

2022-03-25
2022-03-27

2022-03-29 -

2022-04-04 -1 —.

2022-04-02 -
2022-04-06 -
2022-04-08 -
2022-04-10 -
2022-04-12 -
2022-04-14 -
2022-04-16 -
2022-04-18 -

2022-03-31 -

==
| e

2022-04-20 -
2022-04-22 -
2022-04-24 -
2022-04-26 -
2022-04-28 -

2022-04-30 -

2022-05-02 -

2022-05-04 -
2022-05-06 -
2022-05-08 -

(a) sentiment compound score

30th April:
Real Madrid
won the La
Liga for the
35th time

]

.

~

c.\-lcrq'o'wcnlckuiloncvwworv w0
ARS3EZIZI2ARINISRIRSSE
m m
38333333333333333884%
N N AN AN NN NN NN NN NN NN N NSNS
BN NN NN N NN N NN N NN N NN NN NN
RRRRRARRKRRRRRRRRRRRRRR
(b) positive sentiment
— April 20:
:p"w'“ K Arsenal beat Chelsea
March 30: Awan‘e i inaPremier League 0 30;
Algeria P:::;“"h match. Chelseafans  poon of Mino
Cameroon =l were disappointed Raiol. f
match Steelers ¥ ola, one of
e quarterbackdiea  “While Arsenal fans foothall's most
e o in an accident. cek;’n!ed ;gwerful agents
L U

$§$3§§3$%333ﬁ3323358
EEEEEEEEEEEREEEEEE RN
NNANNANAANNNSNNANANANNANANN
RRRRRRRRRRRRRRKRRRRRKRRR

(c)

'

negative sentiment

2022-05-08

2022-05-10 -

- ——
|

2022-05-14 -
2022-05-16 -
2022-05-18 -
2022-05-20 -
2022-05-22 -
2022-05-24 -
2022-05-26 -
2022-05-28 -
2022-05-30 -
2022-06-01 -
2022-06-03 -
2022-06-05 -

2022-05-12 -

May 28:
Champions
League Final
won by Real
Madrid

E2NTeSSNILRRSD
gé88d8d888¢828%
ARl lRR
[ N N I S N N
RRIRRRRRIRESRRRKRK
June 5:
— Ukraine lost
making way for
#FIFAsupportingCAFe Wales in the
orruption caused an World Cu
eruption in Anger 8
’ e
| o '
SN eI AL RaEnyg
duddsdddadnsds
RIYIIIIFTIIIIIIIR
B~ T~ O - T~ S T~ S O~ (O~ T~ O~ A
o oA N NN N NN NN
RRRRRARRRRRRRRR

2022-06-05

Fig. 6 Day wise distribution of sentiment scores across male’s and female’s tweets, and the events corresponding to these intense sentiments are

highlighted (for English tweets)

4.1.4 Emotion analysis

Figure 7 shows the word clouds of the most frequently used
words to convey emotions. Females tend to use the words

“Good”, “Best”, and “Love” more frequently than males.
These choices of words by females indicate a proclivity
towards conveying emotions that are more intense and per-
haps more casual in nature.
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Fig. 8 Gender-based differences of emotion usage from tweets over time

Overall, the most prevalent emotions expressed by
both males and females in soccer-related tweets were Joy
(=32% tweets), Anticipation (=23% tweets), and Trust
(=22% tweets). To estimate gender differences, we ana-
lyzed the weekly and hourly distribution of emotions using

@ Springer
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week
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bootstrapping (Figs. 8 and 9). For each gender, we randomly
select 80% of the tweets and compute the average value of
a specific emotion. This process is repeated 1,000 times to
ensure stable estimates. We then calculate the differences
between the average of emotion values for men and women
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Fig. 9 Gender-based differences of emotion usage from tweets per hour over 12 weeks

and compare their distributions using a t-test. The results
indicate that females express higher levels of joy and antici-
pation compared to males, whereas males exhibit greater
intensity in emotions such as fear, anger, and disgust. For
surprise and sadness, no clear predominance is observed.

The analyses of the word clouds and emotions suggest
that women and men tend to express themselves differently.
An interesting nuance in this distinction is the intensity of
the language chosen. Females not only use words associated
with stronger emotions but also opt for more intense forms
of these words compared to males. For instance, while both
genders may use the word ‘Love,” females are more prone
to using its more intense variations. This nuanced difference
underscores that females communicate emotions in a more
vivid and intense manner compared to their male counter-
parts. Overall, different genders tend to use different words
and expressions, and the intensity with which these words
are expressed tends to be different, ultimately shaping how
emotions are conveyed in communication.

4.1.5 Content analysis

Our sentiment analysis reveals that irony and offensive lan-
guage are not always accurately detected, highlighting the
complexity of text interpretation [79]. Indeed, we observe
a misalignment between the emotion of joy and the senti-
ment of positivity. Given these discrepancies, we extend our
analysis to examine potential toxicity and abusive behav-
ior in online interactions. We emphasize that our goal is not
to assign blame to any gender or individuals but rather to

present objective, data-driven insights. Ensuring an inclu-
sive and healthy digital environment is essential to prevent-
ing mental health issues [80].

To assess different aspects of content toxicity, we use
Google’s Perspective API [73], which measures levels of
severe toxicity, insult, attack on the author, threat, identity
attack, and sexually explicit behavior. We apply an 80%
bootstrapping subsampling method with 1,000 iterations
and plot the differences in the average value of the distribu-
tion of toxicity metrics between genders (Fig. 10). While
the differences are generally small, they are statistically sig-
nificant using the t-test. Our findings suggest that men are
more likely to exhibit severe toxicity, insults, and aggres-
sive behavior, whereas women are more prone to express-
ing negativity through threats, identity attacks, and sexually
explicit language.

Online platforms, such as Twitter, offer more anonym-
ity, allowing users to express themselves more openly.
However, this anonymity has also led to the proliferation
of profanity, creating a toxic environment at times. Toxic-
ity is manifested in tweets that are impolite, disrespectful,
or unreasonable, with the potential to drive individuals
away from a discussion. Severe toxicity means a highly
hateful, aggressive, or disrespectful comment, designed to
strongly discourage a user from participating in a discussion
or expressing their perspective. The high levels of toxicity
displayed by some men in soccer communication on Twit-
ter can stem from various factors. For instance, soccer is
often deeply intertwined with masculinity in many cultures
[81], leading to a heightened sense of competitiveness and
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Fig. 10 Gender-based differences for different linguistic styles computed using tweet text. The differences are computed from the average value of

a characteristic from men minus the one from women

aggression among male fans. This can manifest in toxic
behavior such as insults, derogatory language, and aggres-
sion towards opposing fans or players.

In week 10, in Portuguese, women’s communication
shows higher toxicity and profanity (and sadness as shown in
Fig. 8) than men. In this period, the discussion from women
was mainly about the game between Real Madrid 3 — 1 PSG,
and close to this date, there were multiple complaints of rac-
ism towards a player of Real Madrid. For the male tweets,
we also observe the discussion of national teams and players
from Portugal and Brazil, which were more intense than the
discussions of the Champions League. This aligns with the
results coming from the sentiment analysis, where women
show more intense values in their sentiment, and men are
more consistently participating. For women, we capture
higher sentiments and emotions for particular events, and
for men, we observe qualitatively a more diverse set of sub-
topics that are not always as unexpected or absurd.

Beyond toxicity, men tend to write in a manner that
appears more aggressive toward both the author and com-
menters of a tweet. Men also post more insulting content;
an insulting, inflammatory, or negative comment directed
towards an individual or a group of people is considered
for computing the insult. Men use more abusive and swear
words in both languages, displayed in profanity. While not
all profanity is intended to harm, words can impact the
well-being of others. Some previous works have studied the
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correlation of gender with profanity. Previous works [82,
83] observed no relationship between gender and profanity,
including swearing fluency and frequency. In contrast to this,
Bamman et al. [84] have shown that males tend to use swear
words more frequently than females and profanity usage is
correlated with gender, though the correlation coefficient is
not that high [85]. In our dataset, we observe similar results
where males tend to have higher profanity than females, and
this might be dependent on the topic. Women may be less
comfortable expressing negative thoughts due to cultural
norms that encourage caution in their communication.
Here, we show some of the tweets having high toxicity

and insulting language (posted by male users) to give an
idea of when a tweet is classified in these categories.

e ‘Fuckin A. There is NO ONE worth $250 MILLION to
play football or ANY sport. Obscene and fucking idiotic.
#FuckClevelandBrowns .

‘Fuck football and especially fuck UEFA the dirty cor-
rupt cunts.’

‘Fuck me, football fans are the worst aren’t they? Only
one openly gay player and the amount of disgusting shit
that’s being said about him and the wider community is
infuriating. It'’s saddening that players feel the need to
hide it but fuck me I can see why they do’.

‘Fuck off and die, you fucking scum. Agents are the can-
cer of football. https://t.comBFmAOQFUr".


https://t.co/nBFmAOQFUr
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These examples indicate the need to encourage a more
healthier communication on social media.

Identity attack refers to making negative or hateful
comments that specifically target someone based on their
identity. In both languages, women show higher levels of
identity attacks that might be due to the defensive stance
when women feel their identity or belonging within the com-
munity is threatened. Additionally, women’s experiences of
discrimination, harassment, and marginalization within the
sports community, both online and offline, can contribute to
a heightened sensitivity to identity-related issues. This sen-
sitivity may lead women to be more reactive to perceived
attacks on their identity or credibility as soccer fans. How-
ever, an analysis of the attacking writing style (Fig. 10G
and H), reveals that men exhibit significantly higher levels
compared to women. We observed that high values of attack
and inflammation from women’s tweets were written in a
hypothetical and indirect way, such as “So would I be cheat-
ing on football if I become a fan of hockey?”, and men tend
to express directly their opinion such as “Since everyone is
becoming a sports journalist nowadays, and since most of
them are either misinformed or uninformed, I just decided
to allocate some of my daily schedule to write articles and
analyses about football like back” and “This guy only says
the stupidest of things especially involving football. Unfor-
tunately for us and him he’s a football writer who loves utd.”.

We further study the understanding of posted tweets to the
audience and their relevance to soccer as shown in Fig. 101,
J, K, and L. We observe that women are very incoherent and
share more spam in the posted content than males, and this
might be seen due to the tendency of males to be more direct
than women. Qualitatively, we can observe that women tend
to be more ironic, indirect and hypothetical. Therefore, the
incoherent text means that it is difficult to understand and non-
sensical, and it can be related to them being considered spam.

On average, women'’s tweets were detected as more sexu-
ally explicit. We argue that, qualitatively, women more fre-
quently address and challenge issues related to race, sex,
and gender injustices, which may explain this observed
dominance. For men, we qualitatively observe the use of
sexuality to insult and swear at other people, which we can
observe in the high values of insult, profanity, and attack on
author/commenter.

Men have high toxicity and profanity, still the difference
for inflammatory and obscene text is not very significant
across gender. However, we observe that in Portuguese, men
use more inflammatory language and in English, women use
more. Further analysis is required to gain a comprehensive
understanding of the underlying reasons. In general, soc-
cer is a highly emotional and passionately followed sport,
getting strong reactions from fans of all genders. The com-
petitive nature of the sport, and strong support to favorite

teams, can lead to heightened emotions and a propensity for
inflammatory language.

From text analysis, one important conclusion is that
the way men and women tweet and present their opinion
and emotions tend to be consistent in both the languages,
also over the time (weeks). The observation that men use
more toxic, insulting, and profane language highlights the
ongoing need to reduce abusive communication. This dis-
crepancy suggests that efforts to promote respectful and
constructive dialogue, particularly among male users, are
essential for fostering a healthier and more inclusive online
environment for everyone.

4.2 Network-Analysis

We build weighted weekly cumulative networks from the
communication between the users (nodes), where the link
weight is the number of times two users interacted with each
other by replying or retweeting information. There are three
types of networks for each language based on (i) retweets,
(i1) replies, and (iii) both retweets and replies (mentioned
as the combined network based on all communications).
The size of the networks are - in English, there are 148,184
females (18.94%) and 634,366 males, and in Portuguese,
there are 50,354 females (25.85%) and 144,441 males. In
total, we have 4,308,009 interactions in English, where
1,348,557 are replies, and 2,959,452 are retweets, and in
Portuguese, we have 2,117,105 interactions, where 986,288
are replies, and 1,130,817 are retweets. We analyze these
networks to understand how information is shared for each
language based on their structure and flow.

4.2.1 Communication patterns

We first observed that the network from the communication
across languages tends to be different (NPD > 0.90, results
in Table 2) by computing the Network Portrait Divergence
(NPD) between networks that estimate how different two

Table 2 Network portrait divergence (NPD) average (standard varia-
tion) values using a bootstrap technique. We compare the networks
from 80% of the data built 1000 times, and compute the average and
standard deviation values of NPD

Tweets Comparison NPD

all across languages 0.90 (0.007)
English, across gender 0.97 (0.01)
Portuguese, across gender 0.99 (0.001)

retweets across languages 0.46 (0.04)
English, across gender 0.39 (0.01)
Portuguese, across gender 0.41 (0.02)

replies across languages 0.91 (0.007)
English, across gender 0.28 (0.02)
Portuguese, across gender 0.94 (0.001)
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networks are in relation to their structure (0 to 1 corresponds
to being similar to different) [86]. The NPD method com-
pares networks using the network portrait, which is a (/, k)
size array containing the number of nodes that have & nodes
at a distance /. Therefore, it provides an information-the-
oretic interpretation for comparing networks based on the
structures of all scales and is well-generalized for weighted
networks.

We observe that the networks tend to be different in
structure, but when we compare the two networks built
solely from the retweets, the NPD tends to be close to 0.4,
indicating some degree of similarity. This means that the
replies play a major role in making the interactions differ-
ent. Next, we use NPD to compare the structures from the
networks for women and men separately. Overall, women’s
and men’s communications tend to emerge in different net-
works (values of NPD closer to 1). However, we see that for
replies in English, the network structure tends to be more
similar across genders, indicating that the networks built
from Portuguese tweets are more different in structure than
the ones from English. Thus, the results of NPD already
unveil heterogeneities coming from the communication of
women and men.

4.2.2 Network characteristics

Letus investigate further the characteristics of these networks
to understand the patterns of women’s and men’s communi-
cation. We compare the average values of multiple metrics
computed from the networks built from all the tweets in Eng-
lish and Portuguese (Fig. 11). From the cumulative evolu-
tion over 12 weeks, we observe that the number of nodes
and edges is higher for English, and the density and average
clustering tend to be smaller. We argue that people tweeting
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in Portuguese might belong to more concentrated regions
than in English (worldwide spoken language). Therefore,
soccer might come as a more popular and well-connected
local phenomenon in Brazil and Portugal, for instance, but
for English tweets, we look at several communities together
(worldwide spoken language). This distinction can be indi-
cated by the higher connection between small groups (closer
average clustering values) but not to the overall network
(much smaller density) in Fig. 11C-D.

Even though English tweets tend to come from people
from different regions, the fraction of women does not scale
at the same rate as Portuguese. A much smaller community
formed through Portuguese tweets contains a much larger
fraction of women. In general, women tend to be a minority
in sports-related topics [87, 88], but the popularity of soccer
in smaller communities (Portuguese ones) might encourage
women to participate more on the topic. This higher par-
ticipation can also translate into a more active participation
across genders. Women from Portuguese tweets tend to
interact more with men than from English (lower values of
gender homophily for Portuguese).

To make sure that these differences are not a group size
effect, we compute the assortativity of both networks, and
we still observe the same patterns. The assortativity is com-
puted using the adjusted nominal assortativity, i.e., defined
explicitly for networks having asymmetric mixing of nodes
from different groups (genders in our case) [89]. Thus, the
increase in the fraction of women in the Portuguese net-
work over weeks impacts the homophily values, and with
more women, the homophily and assortativity are reduced.
We highlight that this finding is not necessarily expected
as quantity does not always translate into more communi-
cation across majority and minority. In our case, this find-
ing suggests that encouraging women to participate more
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Fig. 11 Network metrics computed from the combined network of retweets and replies in Portuguese and English
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Fig. 12 Network metrics for the combined network (retweets + replies) disaggregated by gender for Portuguese and English

—regardless of being a male dominant sport such as football
— might be one way to improve inclusivity.

Next, we look at the self-loops in the networks (Fig.
11H), and we see that English tend to have more self-loops
than Portuguese, as it is expected by their group size. How-
ever, when we disaggregate these self-loops by gender (Fig.
12A), we see that around 10% of the edges coming from
men’s interactions are self-loops, which is half of what we
see from women’s interactions. This indicates that women
in our sample tend to retweet and reply more to their own
content than men. By disaggregating other network metrics
based on gender, we also see that women have denser net-
works, but men tend to have higher average clustering and
higher core numbers. This indicates that women tend to be
more connected in general, but men tend to act more as hubs
and acquire more central positions (information spreaders).

The core number of a node shows its influential power,
and the nodes at the very internal core (corresponding to
the highest core number) are the top influential nodes [90].
The highest number of cores for English is 33, and for Por-
tuguese is 28. At these cores, we analyze the networks in
Portuguese (169 people) and English (214 people), and we
found the women ratio of 14.79% and 12.61%, respectively.
Even though women have a higher ratio of most active users
in Portuguese than in English, the difference between the
women ratio of the overall network (f,, ,, = 25.85%, f,, ., =
18.94%) and the core is decreased by 11.06% and 6.33%,
respectively, indicating that women are not as influential as
men in both languages.

4.2.3 Meso-scale structures

We further study the organization of nodes in the network
based on meso-scale structures, including core-periphery
and communities. In Fig. 13, we plot the evolution of net-
work parameters over cores to analyze hierarchical struc-
ture in both networks based on all kinds of tweets; English
has a higher core number than Portuguese. We identify the
core-periphery using the k-shell decomposition method
[90]. We first study how homophily varies as we move from
periphery to core to understand the gender roles at differ-
ent influential levels. Many previous works have shown that
women do not acquire top positions in the network due to
the glass-ceiling effect [91, 92]. Figure 13 shows the frac-
tion of females in different layers as we move from periph-
ery to core in both the networks, and we observe that when
a core of Portuguese reaches a similar fraction of women
inside it compared to English, they have a much lower
homophily than in English. We also observe that homoph-
ily increases as we move from periphery to core, equal to
15 for both languages, a fraction of women decreases, and
density continues to be similar across languages. However,
the average clustering for Portuguese increases much more
than for English, probably due to the fact that the people in
the network belong to a specific region. Here, we then can
observe that a higher women fraction in Portuguese is also
associated with a higher women fraction at influential cores,
and consequently, women and men are more likely to inter-
act with each other.
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Fig. 13 Evolution of the metrics as we go from the core 1 to the highest numbered core
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Fig. 14 Evolution of the metrics as we move from the largest (labeled as 1) to the smallest size community

Next, we study the embedding of females and males in
different communities; the results are shown in Fig. 14.
Communities are extracted using the Leiden Community
detection method due to its ability to find meaningful groups
[93]. Analyzing the network of English tweets reveals that
homophily increases as the group size decreases, and the
biggest community reflects the smallest homophily value.
This also happens in the Portuguese network, but the vari-
ance is much higher. Communities from English tweets are
more homophilic (as shown in Fig. 11). The increase of
homophily does not correlate with the values of the fraction
of women and average clustering, but for Portuguese, the
density and homophily increase as the group size decreases.

5 Discussion

In this study, we explore gender dynamics in soccer-related
Twitter discussions in English and Portuguese, focusing on a
globally popular sport with immense cultural and economic
significance. While prior research [10, 11, 94] has exam-
ined gender disparities in specialized fields like STEM and
politics—where participation often requires domain exper-
tise—soccer offers a more accessible space for engagement,
fostering interaction across diverse audiences. Despite its
widespread appeal, little is known about how gender shapes
discourse in this space beyond isolated events, champion-
ships or specific figures [57, 95, 96]. Here, we take a broader
approach, integrating text, network, emotion, and sentiment
analysis to uncover deeper patterns in online soccer discus-
sions, offering new insights into gendered communication
on social media. Our findings also raise questions about
how the popularity and familiarity of a topic may shape dis-
parities in online communication. This paper does not aim
to stereotype women and men, but to identify possible evi-
dence when women or men do not feel welcome to interact
on online platforms.

We collected soccer-related Twitter data for three months
(March 7 to June 6, 2022) and identified the genders of
users using Genderize [58] and Namepedia [59], similar to
other papers [60, 97]. The scope of our study is confined
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to binary gender (women or men) and tweets from authors
whose gender is explicitly identified. The final dataset con-
tains 7 million tweets in English (from 2 million users) and
2.5 million tweets in Portuguese (from 0.5 million users).
For both languages, we looked at the content of tweets and
how people interact to understand how a male-dominated
environment affects communication for both women and
men. We found that women are often a minority in terms of
participation and representation for the topic of soccer, but
when they do engage, they tend to express more positive
emotions and stronger feelings compared to men.

There are some similarities in the online communication
of women and men, such as the top 10 most frequently used
emojis and the usage of hashtags in the tweets. Yet, women
use more emojis than men, though this does not translate to
the usage of hashtags. Men post more negative tweets, and
women post more positive tweets. The average sentiment of
men’s tweets is generally higher than that of women, sug-
gesting that, overall, their tweets tend to be more positive
than negative in relation to the volume of posts. We can then
further explore these positive and negative tweets, breaking
them down into a more detailed and nuanced spectrum of
emotions. Women tend to express higher levels of joy and
anticipation than men in both languages, and disgust, anger,
and fear tend to be more gender-neutral, with slightly higher
levels for males. We found that differences are consistent
weekly and hourly. Women display intense sentiments
and emotions for any event as compared to men. Besides
these, tweets posted by men have higher toxicity, profan-
ity, insulting text, abusive language, and attacking writing
style. However, women’s tweets are more incoherent, sexu-
ally explicit, and have higher identity attacks. Interestingly,
we did not find any notable emotional difference based on
gender between English and Portuguese, and emotional
responses appear to be unaffected by the overall network
structure.

Using network analysis, we study how women and men
form connections on Twitter and how these connections are
maintained at a macro scale. We constructed multiple net-
works to study the role of language (i.e. English and Portu-
guese), gender (i.e. Women and Men) and communication
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type (i.e. retweet, reply and combined/overall) separately
and together. The reply and combined networks are statisti-
cally different (computed using NPD) across genders, high-
lighting a significant difference in communication across
genders based on replies. However, the retweet networks
across languages and genders are not as different (NPD
score is around 0.4), indicating that differences come more
from active communication than passive, in line with the
hypothesis that some people might not feel comfortable
sharing directly their thoughts. The Portuguese network
exhibits a higher proportion of women in interactions and
lower homophily compared to the English network. This
difference could be attributed to a regional focus in Por-
tuguese tweets, mainly from Brazil and Portugal, where
soccer is highly popular. Women’s networks in Portuguese
show denser structures, with higher average clustering and
lower assortativity than those of men. Women appear less
influential, and the ratio of women reduces from the periph-
ery to the core of the network; the fraction is decreased by
11.06% and 6.33% in Portuguese and English, respectively.
Small communities in both languages are more homophilic.
In Portuguese, bigger communities are less homophilic, and
homophily reduces with the community size, given that the
fraction of women is maintained in most of the communi-
ties. However, the difference in homophily across commu-
nities is not very significant in English.

Our observations indicate a correlation between a topic’s
popularity and lower homophily in the network, suggest-
ing that greater popularity creates a safer space for com-
munication between different genders. This, however, does
not appear to influence how individuals express their sen-
timents and emotions. The significant communication gap
highlighted in this study is eye-opening, emphasizing the
need to focus on bridging it and creating online safe spaces
for discussions on such topics. This paper does not propose
intervention methods, nevertheless, we believe the observed
outcomes can serve as a foundation. Our findings reveal
persistent gender gaps in participation and communication
styles within soccer-related discussions. Therefore, online
platforms have an important role to play in fostering equi-
table engagement. Several design and policy interventions
could help reduce these disparities. At the platform level,
recommendation algorithms could be adjusted to promote
content from underrepresented voices, mitigating visibility
biases that reinforce existing inequalities. Platforms could
also deploy moderation tools: particularly those attuned to
gendered harassment and implicit bias—to reduce toxicity
and make participation safer for marginalized groups. In
addition, platforms might introduce features that encourage
cross-group interaction (e.g., promoting diverse viewpoints
in conversation threads, highlighting respectful exchanges)
to help reduce homophily and broaden participation. These

interventions should be developed with user input and reg-
ularly evaluated for their impact, ensuring that efforts to
promote equity align with community needs and cultural
contexts.

We acknowledge several limitations in this study. First,
Twitter’s user database may not fully represent the global
population, as it tends to be predominantly composed of
specific groups, such as white, male, and middle-upper-
class individuals, which could impact the generalizability of
our findings. We also focused only on two languages, Portu-
guese and English, which constrains the scope of the com-
munities analyzed, and the results may not directly translate
to other platforms (e.g., Instagram, Reddit, TikTok), where
participation patterns, demographics, and community norms
differ. Nevertheless, examining online social media plat-
forms like Twitter provides valuable insights that can help
make these spaces more inclusive via content moderation,
reporting tools, inclusive design features, and support for
victims of harassment.

Second, some methodologies, particularly the APIs used
for gender inference and sentiment analysis, still require
refinement. In this study, we employ the Genderize [58] and
Namepedia [59] APIs to infer users’ gender, retaining only
those cases where gender is detected with high probability.
Instances with uncertain classification are excluded, thereby
restricting the analysis to a binary gender framework. This
introduces potential biases, such as the misclassification of
users with unisex names, the exclusion of non-binary indi-
viduals, and disproportionate filtering of underrepresented
cultural or linguistic groups, which may limit a complete
understanding of communication styles. In terms of senti-
ment, sarcasm and irony were occasionally misclassified as
positive, a known limitation of NLP techniques [98, 99]. To
mitigate this, we adopted a multi-faceted approach, cross-
validating results with manual checks, which improved
accuracy.

Third, our analysis is static and therefore cannot cap-
ture the dynamic, rapidly evolving nature of online data.
Changes in platform policies, user behavior, and trending
topics mean that our findings reflect only a specific snapshot
in time. A longitudinal study would provide a more compre-
hensive understanding of temporal variation.

Finally, a more comprehensive network analysis would
have been possible with access to full follower—followee
relationships over the same time period. Our dataset, how-
ever, was constrained to user activity and tweets extracted
through the default API. Additionally, the presence of bots
or automated accounts may still have influenced observed
patterns, although filtered as much as possible.

Our study goes beyond the exploration of gender varia-
tions in communication patterns, highlighting potential
misperceptions of free speech on social media. Despite
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soccer being more popular among Portuguese speakers, we
observe similarities to English speakers (such as influential
positions for women) as well as variations (such as differ-
ences in network structures) in communication patterns
across languages. In the future, we would like to study fur-
ther the correlation of popularity and ease of topics with
the homophily of their network and writing style. If similar

edu-
results are observed, then one can use awaregness and.
cation programs to bridge these gaps. Similar techniques

could be used for topics that are very domain-specific, such
as STEM. We also highlight that women and men may use
the Internet and social media for different purposes and in
different ways [100], meaning that variations in their com-
munication may also stem from their underlying inten-
tions. We will also investigate the explainability of patterns
extracted from the networks and their communities further.
Additionally, we plan to compare these patterns with a sport
or activity predominantly followed by women, such as bal-
let. We posit that different sports may influence people to
communicate in distinct manners.

6 Conclusion and future directions

This work studies gender-based communication patterns
on Twitter within the context of soccer in English and Por-
tuguese. Our findings reveal notable gender differences in
sentiment, emotional expression, language use, and network
structures. Women exhibit more intense sentiments, with
greater levels of joy and anticipation, while men’s tweets
are more likely to contain toxic and offensive language.
Women’s tweets also show more incoherence and a higher
incidence of identity attacks. Network analysis indicates
that the Portuguese network has higher female participa-
tion and lower gender homophily compared to the English
network, likely influenced by the strong regional presence
of soccer in Portuguese-speaking communities. Women’s
influence also diminishes toward the core of the network,
in contrast to men’s, highlighting structural challenges in
visibility and engagement.

These results suggest that the popularity and familiar-
ity of a topic can reduce homophily and encourage safer
cross-gender communication, though emotional expression
patterns remain unaffected. Our findings lay the ground-
work for future research aimed at bridging communica-
tion gaps and promoting equitable participation in online
discussions. They underscore the importance of fostering
inclusive online spaces where all genders feel equally wel-
come. Future research should examine how topic familiarity
and accessibility influence homophily and communica-
tion styles in other domains, such as STEM. Additionally,
exploring the reasons behind network evolution and the

@ Springer

socio-cultural factors shaping engagement could yield valu-
able insights. Comparing gendered communication patterns
in other sports and events with higher female engagement,
such as ballet, could further enrich our understanding.
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