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Abstract

This paper investigates how gender shapes online political
communication during an electoral campaign by analyzing
the 2025 Canadian federal election. Drawing on a novel
dataset of 193,620 social media posts from 921 candidates,
we employ transformer-based topic modeling and a linguistic
gender axis to quantify communicative patterns. Our analysis
reveals three key findings. First, a statistically robust stylistic
difference exists between the discourse of male and female
candidates. Second, this gendered linguistic gap is not merely
an artifact of ideology; it persists systematically across all
major political parties, demonstrating its robustness across
partisan contexts. Third, thematic analysis shows that women
more frequently employ community-action framing across a
range of policy-related discussions, while men place greater
emphasis on economic and industrial issues during the elec-
toral period. While the magnitudes of these effects are shaped
by Canada’s electoral environment, the mechanisms we iden-
tify offer a transferable framework for measuring gendered
discourse in other political contexts.By documenting these
patterns at scale, this study provides a high-resolution portrait
of gender’s persistent role in contemporary political commu-
nication and a replicable methodological toolkit for its study.

Introduction

In contemporary democratic societies, the digital transfor-
mation of political communication has fundamentally al-
tered how gender dynamics manifest in electoral processes.
While traditional analyses of political representation have
focused on numerical parity and media coverage patterns,
the rise of social media platforms has created new oppor-
tunities to examine how gender biases operate at multiple
levels.

Canada provides a particularly compelling case. Despite
its global reputation for progressive gender policies, dispari-
ties in political representation and discourse remain. Female
politicians continue to face not only numerical underrepre-
sentation across parties and regions, but also qualitative dif-
ferences in how their communications are mediated by both
algorithms and audiences.

The 2025 Canadian federal election offers a useful em-
pirical setting for examining online political communication
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during an electoral period. The election was called on March
23 and concluded with voting on April 28, corresponding to
the shortest campaign duration permitted under the Canada
Elections Act. Rather than treating this compressed timeline
as exceptional, we leverage it as a clearly bounded period
that concentrates campaign communication and facilitates
the observation of temporal shifts in discourse. To capture
both pre-campaign activity and post-election dynamics, we
analyze data from February 23 to May 28, 2025. This win-
dow spans Parliament’s prorogation, the election call, the
campaign period, and the immediate post-election phase, al-
lowing us to trace how gendered narratives evolve across
different stages of the electoral cycle. This design choice
increases internal validity while naturally limiting external
generalizability to an extent: our findings speak to the mech-
anisms through which gender shapes political discourse un-
der heightened electoral pressure, not to the precise mag-
nitudes observed in the Canadian case. By foregrounding
mechanism over magnitude, the study provides an analyti-
cal framework that can be replicated in other electoral en-
vironments without assuming that the Canadian setting is
exceptional.

Nevertheless, this case offers broader inferential in-
sight into online political and electoral communica-
tion in advanced democracies. Canada’s parliamentary
electoral structures and highly digitized media environ-
ment—characterized by widespread internet penetration,
high digital literacy, and the presence of politicians, legacy
and alternative media, influencers, and citizens—closely re-
semble those of many consolidated democracies.

In this paper, we present a large-scale computational anal-
ysis of gender in electoral discourse. We draw on a novel
dataset of 193K social media posts from 921 candidates
across six political parties, spanning a diverse ecosystem of
platforms (X, Instagram, YouTube, TikTok, and Bluesky),
which enables us to analyze gendered communication pat-
terns both in aggregate and across platform-specific affor-
dances. Our goal is to move beyond anecdotal observations
by quantifying the thematic and linguistic differences in how
male and female candidates communicate in a high-stakes,
compressed campaign. Specifically, this paper addresses the
following question: How do male and female political candi-
dates in Canada leverage social media discourse differently
during an election campaign? Our analyses span multiple



levels:

» Descriptive distributions of candidates by party and re-
gion.

» Exploratory analysis of posting activity.
 Topic modeling to uncover thematic divergences.

» Construction of a gender bias axis to measure linguistic
styles.

* Statistical testing of gender, concept associations, and
temporal shifts.

By integrating these computational approaches, we high-
light both persistent gender inequalities in political dis-
course and methodological innovations for quantifying gen-
der bias in dynamic electoral contexts.

The findings contribute to several scholarly domains: po-
litical communication research gains insights into digital-
age gender dynamics; the measurement of gender represen-
tation in electoral politics and political institutions; com-
putational social science benefits from a methodological
framework for tracking temporal shifts in gender bias dur-
ing high-intensity events. Practically, the results offer guid-
ance for political practitioners, platform designers, and poli-
cymakers concerned with creating more equitable digital po-
litical spaces. Understanding how gender biases operate in
computational systems processing political content is cru-
cial for developing fairer, more representative digital demo-
cratic practices. The Canadian election provides an excep-
tional window into these dynamics, offering lessons relevant
far beyond Canada’s borders.

Related Work
Digital Gender Representation in Electoral Politics

Digital communication and representation is increasingly
important in democratic practices, enabling connectivity
and accountability between political representatives and the
Canadian polity (Fountaine, Ross, and Comrie 2019). In
electoral periods, digital communication and presence can
impact the success of potential candidates. However, digital
representation and communication, alongside financial bar-
riers and access to resources, represent some of the many
challenges women face in political spaces (Trimble 2018;
Goodyear-Grant 2013a). The ‘gender mediation thesis’ de-
scribes the way that women are presented differently than
men through gendered frames that can reinforce or contest
gendered inequalities and stereotypes (Trimble 2018; Gi-
dengil and Everitt 1999; Goodyear-Grant 2013a; Asr et al.
2021). For example, women political figures in the me-
dia are portrayed as confrontational as compared to men
who appear to be assertive, demonstrating the ‘unnatural’
nature of women in politics (Gidengil and Everitt 1999).
Women can also be portrayed alongside particular topics
that are more feminine as compared to men who are more
likely to be associated with substantive political and policy
issues, such as foreign policy or finance (Goodyear-Grant
2013a). Gender mediation can occur through reproduction
of skewed or unequal coverage that favour women or male
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candidates (Goodyear-Grant 2013a; Rohrbach 2024). There-
fore, women candidates often have to consider how they per-
form their gender as political officials and in the online space
(Sullivan 2023; Butler 1990; Dittmar 2020).

Social media presents an important opportunity for
women political candidates to reclaim their narratives.
Women candidates can directly engage with supporters, es-
tablish their priorities, construct their own image, and shape
public discourse on their own terms (Kreiss, Lawrence, and
Mcgregor 2017; Sullivan 2023). Social media can provide
visibility for women candidates who may be excluded from
institutional mainstream media coverage. However, women
candidates may also be subject to direct receipt of harass-
ment and misogyny as compared to their male counterparts
(Rheault, Rayment, and Musulan 2019; Krook 2017). More-
over, online algorithm biases can promote content that is
sensationalist or controversial, promoting stereotypical or
harmful gendered representation of women candidates (No-
ble 2018; Vaidhyanathan 2018; Chan 2025).

Computational Approaches to Gender and
Language

The quantification of gendered patterns in text has evolved
significantly with advances in Natural Language Processing
(NLP). While early approaches relied on dictionary-based
methods, a paradigm shift occurred with distributional se-
mantics. The seminal works (Bolukbasi et al. 2016; Kumar
et al. 2020; Zhao et al. 2018) demonstrated that geomet-
ric relationships in static word embeddings (e.g., Word2Vec
(Mikolov et al. 2013)) capture human-like stereotypes. The
“gender axis” method, which defines gender as a vector in
semantic space, emerged from this work and became a foun-
dational technique.

This method’s principles have been adapted and critically
examined in the era of large language models (LLMs). Re-
searchers now extend these analyses to contextual embed-
dings from models like BERT and sentence-transformers, al-
lowing for more nuanced, context-dependent measurements
of bias and style (Bartl, Ruppenhofer, and Scheible 2020;
Bhardwaj, Majumder, and Poria 2020). For instance, re-
cent surveys have moved beyond single bias axes to ex-
plore methodological challenges in transformer-based mod-
els (Nemani, Mittal et al. 2023). Others have proposed
new sentence-level bias metrics, enabling the study of
gender representation in multilingual embeddings (Dolci
et al. 2023). Our work, while grounded in the robust logic
of the original axis method, employs modern multilin-
gual sentence-transformers. This allows us to apply these
proven techniques to a contemporary, noisy, and multilin-
gual dataset, contributing empirical findings to the ongoing
study of gendered linguistic styles.

Computational Analysis of Political Discourse

The use of computational methods to analyze political com-
munication on social media is a rapidly growing field.
Researchers leverage large-scale datasets to move beyond
anecdotal evidence and uncover systematic patterns in po-
litical strategy and public engagement. Topic modeling, for



example, is widely used to identify the policy agendas of
candidates, track shifts in party messaging over time, and
understand how legislators allocate their attention across dif-
ferent issues (Theocharis and Jungherr 2020; Belcastro et al.
2022). While traditional methods like Latent Dirichlet Allo-
cation (LDA) have been common, newer transformer-based
models like BERTopic, which we employ, are increasingly
preferred for their ability to capture semantic coherence in
short, noisy social media texts.

Beyond topic analysis, computational studies of elections
frequently examine candidate strategy through posting fre-
quency, sentiment analysis, and network analysis of follow-
er/retweet graphs. The high-volume, real-time nature of so-
cial media data makes it particularly well-suited for studying
fast-moving events like elections. Some studies have explic-
itly framed elections as “natural experiments” (Hale et al.
2014; Fujiwara, Miiller, and Schwarz 2023), using the clear
temporal boundaries of a campaign to measure the effects of
specific events or strategies on public discourse and engage-
ment.

Our study adopts this quasi-experimental framework,
using Canadian federal election as an intervention point
to analyze how gendered communication patterns evolve
and adapt under heightened political pressure. By inte-
grating these established computational techniques—topic
modeling, quantitative linguistic analysis, and a quasi-
experimental design—we situate our work at the intersection
of these active research areas (Bright et al. 2020; Lorenz-
Spreen et al. 2023).

Methodology

This section outlines the methodology used to construct
and normalize the dataset across platforms and explains the
methods used for analysis.

Data Collection and Annotation

We began by collecting the official list of candidates from
government-maintained election registries. Each candidate
was systematically annotated with party affiliation, geo-
graphic region, and gender. As gender was not provided in
the official registries, we implemented a two-stage anno-
tation procedure. First, we performed an initial automated
classification using OpenAI’'s GPT-4.5 language model ',
drawing on publicly available candidate names and bio-
graphical details. Following this, we conducted a compre-
hensive manual verification where every automatically as-
signed label was cross-checked by research team members
against authoritative sources, including official government
websites, parliamentary directories, and public records. This
hybrid approach combined computational efficiency with
rigorous human oversight. A final audit of the verified
dataset revealed a misclassification rate of only 0.016%,
confirming a highly reliable set of gender annotations for
our analysis.

The dataset covers a 95-day window from February 23
to May 28, 2025, which includes the official 37-day cam-
paign period from March 23 to April 28. Unlike scheduled

"https://openai.com/fr-FR/index/introducing-gpt-4-5/
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elections, this election was called unexpectedly, creating a
unique natural experiment for studying rapid political mo-
bilization. The sudden onset provides three methodological
advantages: (1) clean temporal boundaries with March 23
serving as a clear intervention point, (2) elimination of grad-
ual pre-election positioning that typically occurs in sched-
uled elections, and (3) observation of authentic political re-
sponses under sudden electoral pressure rather than pre-
scripted strategies.

To build a comprehensive dataset, we employed platform-
specific tools and workflows for collecting posts from
X/Twitter, TikTok, Instagram, Bluesky, and YouTube, fol-
lowing the methodology described in (Pehlivan et al. 2025).
For each platform, all available metadata was preserved in
JSON format to ensure structural consistency and complete-
ness. While media files (e.g., images, videos) were not col-
lected directly, links to such content were retained in the
metadata.

* X/Twitter: A custom scraping library queried the plat-
form’s advanced search interface to retrieve posts from
candidates and news outlets. This enabled both bi-weekly
data collection during the campaign and historical re-
trieval by specifying custom date ranges.

* Instagram: Posts were collected weekly using a custom
scraper modeled after (Abrahams 2026).

» Tiktok: We employed the reverse-chronological scraper
described in (Steel, Parker, and Ruths 2024), running
weekly to balance coverage and engagement fidelity. Tik-
Tok’s Research API does not include Canadian data,
making scraping the only viable option.

* Bluesky: Candidate posts were retrieved through the of-
ficial Bluesky API 2, capturing metadata and textual con-
tent.

* YouTube: Metadata for candidate posts was collected via
the YouTube Data API 3, including titles, descriptions,
publication timestamps, and engagement statistics (e.g.,
views, likes).

Data Normalization

Because each platform provides distinct data schemas, we
implemented a normalization layer to create a unified textual
and metadata representation. All textual content was merged
into a single representation, and engagement metrics and
structural attributes were standardized to allow comparabil-
ity across platforms. This ensured consistency while pre-
serving platform-specific richness, enabling seamless cross-
platform analysis of political discourse.

The final dataset contains 193,620 posts from 921 unique
candidates (610 male, 311 female), across six political par-
ties, active on social media during the campaign period. Ta-
ble 1 shows the distribution of candidate accounts and posts
by platform. A candidate can have accounts on different
platforms. Each post in the final dataset is annotated with
its assigned topic label and topic model score as explained

Zhttps://docs.bsky.app/
*https://developers.google.com/youtube



# #F #M # #F #M
Platform | Cand.| Cand.| Cand.| Posts Posts Posts
X/Twitter | 630 185 445 132071| 28545 | 103526
Instagram | 732 269 463 45152 | 17702 | 27450
Tiktok 62 27 35 1500 661 839
Bluesky 176 74 102 13506 | 5362 8144
Youtube 100 36 64 1391 455 936
Total 1700 | 591 1109 | 193620| 52725 | 140895

Table 1: Candidates: accounts, and posts across platforms.

in the following sections. To promote transparency and en-
able reproducibility while adhering to platform terms of ser-
vice, a dataset containing the post IDs along with the gener-
ated annotations is made publicly available. Furthermore, to
ensure the direct reproducibility of our Gender Axis Anal-
ysis, we also provide a file containing the aggregated data
for each candidate: the sum of their post embeddings over
the 95-day period and their total post count, which serves as
the normalizer. Finally, the Jupyter Notebook containing the
full analysis code used to generate the figures and statistical
results in this paper is also provided®.

Analysis Methods

Exploratory Data Analysis (EDA) Our analysis begins
with an exploratory data analysis (EDA) to establish de-
scriptive baselines of candidate distributions and posting be-
havior. Since the dataset is imbalanced—with substantially
more male candidates than female, we use mean-normalized
measures rather than raw counts to avoid skew. Our analysis
includes temporal posting activity (before, during, and after
the campaign) as well as engagement metric based on like.
These descriptive baselines provide context for subsequent
computational analyses of content in the posts.

We define a Gender Bias Score (GBS) to quantify relative
posting intensity between male and female candidates within
each topic. The score is computed as:

# Posts by Male
# Unique Male

# Posts by Female

GBS =
# Unique Female

This formulation normalizes raw post counts by the num-
ber of active candidates of each gender, thereby controlling
for the numerical imbalance between male and female can-
didates. Positive values indicate that, on average, male can-
didates post more frequently, while negative values indicate
greater female posting intensity.

Topic Analysis

To examine thematic differences, we first apply BERTopic
(Grootendorst 2022), a transformer-based topic modeling
method that clusters semantically similar texts. Because the
dataset includes content in both English and French, we use
the multilingual sentence-transformer model® for embed-
ding generation (Reimers and Gurevych 2019). This model

*https://github.com/ZeynepP/gendered-political-discourse
Shttps://huggingface.co/sentence-transformers/paraphrase-
multilingual-MiniLM-L12-v2
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supports over 50 languages and provides consistent embed-
dings across English and French, allowing us to capture
cross-lingual topic structures.

It is important to note that a significant portion of
posts (58%) were classified as outliers by the HDB-
SCAN(Campello, Moulavi, and Sander 2013) clustering al-
gorithm within BERTopic. This is a common and expected
outcome when analyzing short and noisy social media text.
As a density-based algorithm, HDBSCAN is designed to
identify and separate such noise from coherent, dense the-
matic clusters. Rather than forcing these thematically di-
verse posts into ill-fitting topics, which would compromise
the integrity and interpretability of our topics, we treat the
large outlier group as a substantive finding in itself, reflect-
ing the fragmented nature of much of the online political
discourse. Our subsequent analysis, therefore, focuses on the
high-quality, interpretable topics that the model confidently
identified.

In addition to thematic content, we analyze the sentiment
of each post using a multilingual transformer-based sen-
timent classifier. Specifically, we employ the multilingual
sentiment analysis model (tabularisai et al. 2025) ¢ senti-
ment analysis, which is based on the DistilBERT multilin-
gual model (Sanh et al. 2019) and supports sentiment classi-
fication across a wide range of languages, including English
and French. The model assigns posts to five sentiment cat-
egories (very negative, negative, neutral, positive, very pos-
itive), providing a coarse-grained but robust measure of af-
fective tone across languages.

Gender Axis Construction

To measure linguistic bias directly, we construct a gender
bias axis in the embedding space. Following established
methods in bias detection (Bolukbasi et al. 2016), we com-
pute:

V:gender = Viemale avg Vinale avg

where Viemale ave and Vinale ave TEpresent the average em-
beddings of posts authored by female and male candidates,
respectively. This axis provides a continuous dimension
along which concepts can be projected, allowing us to as-
sess whether political terms, topics, or key expressions align
more closely with male- or female-associated discourse.
Following prior work on embedding-based bias measure-
ment, we interpret the gender axis as capturing aggregate
linguistic tendencies encoded in sentence embeddings rather
than isolating individual lexical or syntactic features (Bartl,
Ruppenhofer, and Scheible 2020; Bolukbasi et al. 2016).

Statistical Testing

To assess whether observed gendered differences are sys-
tematic rather than artifacts of data imbalance, we incorpo-
rate statistical testing into our analysis pipeline. For gen-
der axis validation, we compute separation metrics such
as the area under the ROC curve (AUC) (Fawcett 2006)
and Kolmogorov—Smirnov statistics (Siegel and Castellan

®https://huggingface.co/tabularisai/multilingual



Gender Distribution of Candidates by Party
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Figure 1: Proportion of candidates gender by party

1988) to evaluate whether male and female candidates’ pro-
jections are distinguishable beyond chance. For topic-level
comparisons, we test whether distributions of male- ver-
sus female-authored posts differ significantly using non-
parametric Mann—Whitney U tests (Mann and Whitney
1947), which are robust to non-normal and skewed distribu-
tions common in social media data. Temporal robustness is
evaluated through bootstrap-based permutation tests, which
assess whether observed pre- versus campaign shifts in topic
centroids could emerge under random partitioning of posts.
Finally, when analyzing engagement metrics (e.g., likes),
we again employ non-parametric tests suited to heavy-tailed
distributions. Together, these procedures ensure that differ-
ences identified in our descriptive analyses are statistically
robust and not artifacts of data imbalance or skewed mea-
surement distributions.

Reproducibility

The dataset released on Github is organized into clearly doc-
umented JSONL files. Candidate-level information includes
attributes such as gender and party affiliation, while post-
level records contain platform, timestamp, candidate identi-
fier, candidate party, candidate gender, inferred topic label,
topic probability, and like count. The accompanying repos-
itory includes the complete analysis notebook and interme-
diate embedding state files required to replicate the gender
axis construction and downstream analyses.

All experiments were conducted on the Digital Alliance
of Canada research infrastructure (Fir cluster’) using a sin-
gle NVIDIA H100 GPU. Topic modeling, including embed-
ding extraction and clustering—took approximately 3 hours.
Sentiment analysis using a multilingual transformer model
required approximately 2 additional hours.

Results
Exploratory Data Analysis (EDA)

We begin with descriptive statistics of candidate distribu-
tions across political parties. Figure 1 illustrates candidate
gender distribution across political parties. The New Demo-
cratic Party (NDP) fielded the highest proportion of female
candidates, followed by the Greens (GPC), Bloc Quebécois
(BQ) and Liberals (LPC), while the Conservative Party
(CPC) and the People’s Party of Canada (PPC) exhibited
considerably lower female representation.

"https://docs.alliancecan.ca/wiki/Fir
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Figure 2: Gender Bias Score (GBS) by platform (left) and
political party (right). A positive score indicates higher post-
ing intensity for men.

When it comes to online presence, we note a significant
gender bias where male candidates are much more likely to
post on Twitter as shown in Figure 2. There is also a mod-
erate gender bias where male candidates are more likely to
use Bluesky, while women candidates are more likely to use
Instagram.

It is notable that the gap in posting volume between male
and female candidates becomes most pronounced during
this peak campaign period, suggesting that the pressures of
the election disproportionately amplified the posting activity
of male candidates before receding in the election’s after-
math. On average, women candidates consistently post less
content online as compared to their male counterparts, and
this difference is more prominent amongst Bloc Quebécois,
NDP, and PPC candidates. We note one apparent deviation
from this pattern for the Green Party, where female candi-
dates exhibit a brief but pronounced surge in posting ac-
tivity immediately prior to election day; as we show in the
topic and temporal analyses below, this reflects coordinated,
campaign-specific mobilization around community-oriented
advocacy events (e.g., promotion of the ”Vote Palestine” ini-
tiative) rather than a persistent difference in baseline com-
munication behavior.

To understand engagement with candidate-generated con-
tent, we analyzed the number of likes on original posts (ex-
cluding retweets and replies), whose distributions by gen-
der and party are shown in Figure 3, using Mann—Whitney
U tests. This exclusion was methodologically necessary be-
cause likes on a retweet are attributed to the original post,
meaning the like count in a retweet’s metadata is typically
zero. This refined analysis reveals that the overall median
engagement for original content is nearly identical between
genders, with male candidates having a slight but statisti-
cally significant edge (Male Mdn = 22 vs. Female Mdn =
21,p < 107%).

However, this aggregate parity conceals strong and diver-
gent patterns at the party level. For Conservative, NDP, and
PPC candidates, women’s original content receives signifi-
cantly higher median engagement than men’s. This effect is
most pronounced among Conservatives (Female Mdn = 58
vs. Male Mdn = 53) and the NDP (Female Mdn = 19 vs.
Male Mdn = 13). Conversely, the trend reverses for Liberal
and Bloc Québécois candidates, where men’s original con-
tent receives significantly more engagement than women’s.
This is particularly notable for Liberal candidates (Male



Distribution of Likes per Post by Gender and Party
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Figure 3: Distribution of likes for original, candidate-
generated content by gender and party, plotted on a loga-
rithmic scale. Each box shows the interquartile range (IQR),
with the central line indicating the median.

Likes (Log Scale

Mdn = 23 vs. Female Mdn = 17). The Green party showed
a significant distributional difference in favor of women, de-
spite equal medians.

These findings demonstrate that the dynamics of gendered
audience engagement are not monolithic; they are strongly
moderated by party affiliation, with different partisan envi-
ronments appearing to foster greater reception for the origi-
nal content of either male or female candidates.

Further disaggregating engagement by platform for orig-
inal, candidate-generated content reveals a consistent pat-
tern. We performed Mann-Whitney U tests on the number
of likes per original post and found a statistically significant
pro-male engagement gap on four of the five platforms. This
gap was most extreme on YouTube, where the median num-
ber of likes for a male candidate’s post was nearly five times
that of a female candidate’s (Male Mdn = 73.00 vs. Female
Mdn = 15.00, p < 0.0001). A more modest, though still sig-
nificant, gap favouring male candidates was also observed
on Twitter (Male Mdn = 15.00 vs. Female Mdn = 12.00), In-
stagram (Male Mdn = 36.00 vs. Female Mdn = 34.00), and
Bluesky (Male Mdn = 7.00 vs. Female Mdn = 5.00).

In stark contrast, Tiktok was the only platform where we
found no statistically significant difference in median en-
gagement for original posts (p = 0.0825). This suggests that
while a pro-male engagement gap for candidate-generated
content may be the norm across most social media, the spe-
cific architecture and audience norms of a platform like Tik-
tok can foster a more equitable dynamic for audience recep-
tion.

Topic Analysis: Gendered Thematic Emphasis

To investigate how thematic engagement differs by gender,
we examined topic clusters through a dominance frame-
work that controls for data imbalance. Rather than relying
on raw post counts—which would overrepresent male candi-
dates due to their numerical advantage—we computed per-
candidate posting rates within each topic. Topic coherence
scores and the top 10 keywords for each topic are provided
as a part of dataset to demonstrate the validity and inter-
pretability of our topics.

The relatively large proportion of posts classified as out-
liers reflects structural characteristics of electoral social me-
dia communication rather than a methodological failure.
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Figure 4: Normalized daily posting activity by gender for
each major political party, smoothed with a 7-day rolling
average. The y-axis shows the average number of posts per
candidate. The vertical dashed lines indicate the start (March
23) and end (April 28) of the official campaign period.

Prior work shows that campaign discourse is often episodic,
reactive, and event-driven, consisting of slogans, mobiliza-
tion cues, and platform-specific interactions rather than sus-
tained thematic discussion (Theocharis and Jungherr 2020;
Belcastro et al. 2022). In such settings, density-based clus-
tering methods prioritize the identification of semantically
coherent topical cores over exhaustive coverage (Grooten-
dorst 2022). Treating outlier detection as a mechanism for
preserving topic coherence therefore aligns with established
practice in computational analyzes of electoral discourse.
Importantly, the prevalence of outliers does not imply miss-
ing linguistic signals, as these posts continue to contribute
to embedding-based analyzes that operate independently of
topical density (Bolukbasi et al. 2016; Bartl, Ruppenhofer,
and Scheible 2020).

Figure 5 visualizes the gender dominance of each can-
didate topic, sorted by the share of female engagement. To
control for the numerical imbalance where male candidates
are more numerous, this visualization is not based on raw
post counts. Instead, for each topic, we first compute the per-
candidate posting rate for each gender. The stacked bars in
the figure represent the percentage share of this total normal-
ized activity attributed to women (orange) and men (gray).



Thematic Divergence by Gender

Female mmm Male
Gender Equality & Women's Day
Israel-Palestine Conflict
Volunteering & Campaign Teams
Pope Francis & Catholic Community
Seniors & Retirement Programs
Vote Splitting & Party Support
Satire, Glitches & Technical Errors
Electoral Reform & Party Platforms

Alberta Sovereignty & Referendum

Vaccination & Public Health

Share of Discourse (%)

Figure 5: Top 5 topics with the highest female participation
and Top 5 topics with the highest male participation, selected
from the 50 most active topics. For each topic, gendered par-
ticipation is computed using average posting rates per can-
didate within each gender, rather than raw post counts, to
account for the male-heavy candidate pool. The dashed ver-
tical line indicates the average female share across the top
50 topics under this per-candidate.

Female-dominant topics (orange) include areas such as vol-
unteering & campaign teams, dining & local food culture,
vaccination & public health, and seniors & retirement pro-
grams. In contrast, male-dominant topics (gray) are concen-
trated around budget and industrial policy, oil, energy & cli-
mate, tariffs & trade disputes, and labor unions & worker
rights.

This divergence suggests that women candidates engaged
more actively in community-centered and social policy dis-
cussions, while men disproportionately emphasized eco-
nomic and industrial issues. While topics like budget &
industrial policy were male-dominant, issues such as pub-
lic health and retirement programs were strongly female-
dominant. Gendered topic preferences also vary systemat-
ically by party, reflecting the interaction between partisan
agendas and gendered communication styles. While the spe-
cific issues emphasized differ across parties, the overall pat-
tern of women engaging more in community-oriented dis-
course and men emphasizing economic and industrial topics
remains consistent. The classification of the Israel-Palestine
conflict as a female-dominant topic is particularly revealing.
The temporal analysis of this topic’s linguistic style (Fig-
ure 10) provides the clearest evidence that this framing was
a campaign-specific strategy. As the figure illustrates, the
female-aligned, mobilization-focused discourse was a phe-
nomenon that existed only during the campaign period. Im-
mediately following election day, the topic’s linguistic align-
ment abruptly flips, becoming consistently male-dominant.
This sharp reversal suggests the community-action framing
was tied to electoral incentives, likely shifting to more ab-
stract policy discussion once the campaign concluded.

These findings align with existing scholarship which
views women candidates as mobilizers and strategic com-
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Figure 6: Distributions of aggregate alignment scores on the
gender axis for male (gray) and female (orange) candidates.

municators (Dittmar 2015; Carroll and Fox 2014). A fo-
cus on public health, and seniors demonstrates a relational
and care-oriented approach to fostering civic participation.
Women may seek to strategically differentiate their cam-
paigns by leveraging the association of women’s interests in
‘soft politics’ for social and gendered issues (Bauer 2015).
However, further research is needed to interrogate whether
women choose to pursue these topics as a point of commu-
nity engagement or if they are pushed into advancing these
discussions by party officials or due to gendered expecta-
tions. Women also discuss the actual election process, such
as campaigning and volunteering, more often than men. This
enables women to act as mobilizers in connecting with their
supporters and community while also asserting legitimacy
in their presence in the political space.

By applying a normalized, per-candidate metric rather
than raw counts, this analysis highlights structural differ-
ences in agenda-setting that would otherwise be obscured
by the skewed gender distribution of candidates.

Gender Axis Construction and Descriptive
Separation

To operationalize the gender axis, we projected each can-
didate’s aggregate linguistic embedding onto it, yielding a
scalar alignment score. The descriptive statistics reveal a
clear separation between genders as illustrated in Figure 6.
The median alignment score for female candidates (Mdn
= 0.18) was substantially higher than for male candidates
(Mdn = 0.06). Notably, the 75th percentile for male candi-
dates (0.18) was nearly identical to the median for female
candidates, indicating that three-quarters of male politicians
used language less aligned with the female-coded pole of the
axis than the median female politician.

This separation is statistically significant (Kolmogorov—
Smimov D = 0.26, p < 10~12). The axis demonstrated
fair predictive power, achieving an AUC of 0.67 in distin-
guishing between male and female candidates. This result is
highly robust; a permutation test where gender labels were
randomly shuffled yielded a mean AUC of 0.50 (SD = 0.02),
confirming that the observed separation is driven by gender-
associated linguistic patterns rather than chance. While the
distributions show considerable overlap, as expected in a
professional context, these results provide strong quantita-



tive evidence that our axis captures meaningful gendered
differences in political discourse.

Gender Axis Validation via Sentiment

To further assess the interpretability of the gender axis, we
examine its relationship with post-level sentiment. As shown
in Figure 7, sentiment varies systematically across quartiles
of the gender axis. Posts in the highest quartile (Q4; most
female-aligned) exhibit higher sentiment scores than those
in the lowest quartile (Q1; most male-aligned), with inter-
mediate quartiles showing a gradual transition rather than a
sharp boundary. This pattern indicates a distributional shift
in affective tone across the axis, providing external valida-
tion that the gender axis captures interpretable stylistic and
gendered dimensions of political communication rather than
reflecting purely abstract embedding geometry. It demon-
strates that gender is consistently aligned with affective tone
in political communication, linking gendered norms of per-
formance (Butler 1990) directly with styles of political mes-
saging. This aligns with theoretical accounts of gender as
a flexible and interpretative performance, reinforcing prior
findings that embedding-based bias axes capture aggregates
of correlated linguistic signals rather than direct proxies for
specific lexical or grammatical features (Bolukbasi et al.
2016; Bartl, Ruppenhofer, and Scheible 2020; Dolci et al.
2023).

Importantly, the relationship between gender-axis align-
ment and affective tone is not limited to post-level distribu-
tions. Figure 8 demonstrates that the association persists un-
der candidate-level aggregation. Each point represents a can-
didate’s mean gender-axis alignment and mean sentiment
across all authored posts, with marker size proportional to
posting volume. At the candidate level, sentiment is sum-
marized as the mean of ordinal sentiment scores, follow-
ing common practice in large-scale computational analyses,
and associations are evaluated using rank-based statistics to
avoid interval-scale assumptions. The positive association
remains clearly visible even after aggregation, indicating
that the observed pattern is not driven by a small subset of
highly active, emotionally expressive, or viral posts. Rather,
it reflects a stable, candidate-level communicative style that
systematically links female-aligned linguistic framing with
higher affective tone across the corpus.

Party-Level Conditioning of the Gender Axis

In the context of electoral communication, this aggregation
is particularly relevant. Campaign discourse often blends
policy references with mobilization cues, emotional appeals,
and relational framing, making it difficult to isolate indi-
vidual stylistic dimensions. Accordingly, the gender axis in
our analysis should be understood as capturing systematic
differences in how candidates frame political communica-
tion—such as emphasis on community engagement, mobi-
lization, and interpersonal orientation versus more imper-
sonal or policy-centric framing—rather than as reflecting a
single linguistic attribute. This interpretation is consistent
with prior computational studies of gendered political lan-
guage that emphasize framing and communicative style over
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Figure 7: Distribution of post-level sentiment scores across
quartiles of the gender axis. Posts more strongly aligned
with the female-coded pole of the axis (Q4) exhibit system-
atically higher sentiment than those aligned with the male-
coded pole (Q1).
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Figure 8: Relationship between candidates’ average align-
ment on the gender axis and their mean sentiment across
posts. Each point represents a candidate, with size pro-
portional to posting activity. Positive values indicate more
female-aligned linguistic styles. A strong positive associa-
tion is observed (Spearman p = 0.76, p < 0.001).

narrowly defined lexical markers (Meeks 2016b; Theocharis
and Jungherr 2020).

To investigate the interplay between gender and party af-
filiation, we disaggregated the alignment scores by politi-
cal party (Figure 9). The results reveal a remarkably consis-
tent pattern: within every major political party, female can-
didates exhibit a systematically higher alignment with the
female-coded linguistic pole than their male counterparts
(AUC =~ 0.70-0.77). This finding demonstrates the robust-
ness of the gendered linguistic gap, which persists across
diverse ideological contexts.

Beyond this consistent intra-party gender gap, the analy-
sis also uncovers significant party-level differences in base-
line communication styles. For instance, candidates from
the NDP and Bloc Québécois, regardless of gender, scored
higher on the axis, suggesting their party-wide discourse
aligns more closely with female-associated linguistic pat-
terns. Conversely, the People’s Party of Canada (PPC)
showed a distinct shift toward the male-aligned pole. The
fact that the gender gap remains stable even as these party
baselines shift confirms that gendered linguistic styles and
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Figure 9: Gendered linguistic styles across Canadian polit-
ical parties, showing alignment scores for male (gray) and
female (orange) candidates.

party ideology operate as two distinct, interacting forces
shaping political communication.

Further, political candidates operate in highly profes-
sionalized communication environments, where party mes-
saging and media training could plausibly erase gender-
based linguistic differences (Malloy 2003; Kam 2009). The
fact that the gender gap persists systematically within ev-
ery party—even under strong ideological and organizational
constraints—demonstrates the robustness of gender perfor-
mance as an independent factor in political communication.
This affirms existing literature that differentiates women
candidate’s communication style from men, where women
employ more personable and engaging language whereas
men adopt formal and impersonal tones (Meeks 2016a).

A natural question is whether the observed gender axis
primarily reflects ideological or topical differences rather
than gendered communication styles. While political ide-
ology clearly shapes baseline discourse across parties, our
results indicate that ideology alone cannot account for the
observed patterns. Across all major parties, female candi-
dates consistently exhibit higher alignment with the female-
coded pole of the gender axis than their male counterparts, a
within-party separation that persists even under strong ide-
ological discipline. At the same time, party-level shifts in
baseline alignment—such as higher overall alignment scores
for candidates from the NDP and Bloc Québécois regard-
less of gender—indicate that ideology and gender function
as distinct but interacting forces shaping political communi-
cation. This pattern aligns with prior work in political com-
munication, which shows that gendered styles of political
expression persist within ideologically constrained environ-
ments and cannot be reduced to left-right policy positioning
alone (Dittmar 2020; Meeks 2016a).

Temporal Dynamics of Gendered Topics

To analyze how the linguistic style of specific topics
evolved, we plotted the daily gender alignment of each
topic’s centroid over time (Figure 10). This temporal anal-
ysis reveals several key patterns. First, some topics ex-
hibit a stable gender alignment throughout the entire period.
For instance, discourse around “Volunteering & Campaign
Teams” remains consistently and strongly female-aligned,
while “Oil, Energy & Climate” remains consistently male-
aligned, demonstrating the durability of these linguistic as-
sociations regardless of the electoral cycle.
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Figure 10: Temporal trajectories of topic-level alignment on
the gender axis. Each panel shows the daily centroid align-
ment of posts within a topic, computed by projecting the av-
erage daily embedding onto the gender axis and smoothed
using a 7-day rolling mean. Positive values indicate stronger
alignment with the female-coded pole of the axis. Solid ver-
tical lines denote the election call (March 23), and dashed
vertical lines denote election day (April 28).

Second, the analysis shows that the linguistic framing of
certain key issues shifted dynamically during the campaign.
The discourse around “Housing Affordability & Crisis,” for
example, illustrates a complex dynamic. While starting as
linguistically neutral, the topic remains so for the initial
phase of the campaign before shifting decisively toward the
female-aligned pole in early April, a framing that persists
until election day before returning to a neutral baseline.

Limitations

Our study has several limitations that define the scope of
our findings and point to directions for future research. First,
our analysis relies on a binary operationalization of gender.
While our hybrid annotation pipeline achieves high accu-
racy, this framework necessarily excludes non-binary and
gender-diverse candidates. Second, our study focuses on the
59% of candidates who were active on social media; accord-
ingly, our findings characterize the discourse of digitally ac-
tive candidates and may not generalize to those who do not
use these platforms.

The dataset also exhibits a numerical imbalance between
male and female candidates, reflecting the underlying com-
position of the candidate pool. A potential concern is that
such imbalance could artificially exaggerate separation in
embedding-based analyses by increasing variance in the ma-
jority group. We mitigate this risk in several ways. All anal-
yses are conducted at the candidate level using normalized
per-candidate representations rather than raw post counts,
preventing highly active candidates from dominating the
embedding space. Moreover, the observed gender separation
persists consistently within political parties, where sample
sizes are smaller and gender distributions more balanced,
suggesting that the effect is not driven by global sample
size asymmetries. Finally, the gender axis reveals substan-
tial overlap between male and female candidates rather than
a bimodal split, indicating that the observed separation re-



flects systematic stylistic tendencies rather than a mechani-
cal artifact of class imbalance.

Finally, our aggregate analysis smooths over platform-
specific dynamics that may shape political communication
differently across social media environments. While our
analysis aggregates across platforms, differences in platform
affordances and audience norms (e.g., TikTok’s emphasis on
audiovisual engagement versus X’s textual discourse) may
shape how gendered communication is performed, an av-
enue we leave for future platform-specific investigation.

Conclusion

This paper sought to understand how male and female can-
didates use social media differently in a high-stakes elec-
tion. Our large-scale computational analysis demonstrates
that gender plays a persistent and independent role in shap-
ing online political communication during the 2025 fed-
eral election. Our findings are threefold. First, we reiter-
ate that there is a statistically robust and measurable differ-
ence in linguistic style between male and female candidates.
Gendered linguistic styles persist even within strong party
discipline and provide powerful empirical support for But-
ler’s theory of gender performativity. Our second key find-
ing builds upon this, highlighting the most powerful insight:
the linguistic gap persists systematically within every po-
litical party. This provides strong evidence that gender is
a robust factor that persists across diverse ideological con-
texts. Third, we find that thematic divergences exist between
women and male candidates - while women focus more on
community approaches and social-oriented policies, men fo-
cus on economic and industrial issues. Whether this thematic
focus reflects a strategic choice to appeal to certain voters,
constraints imposed by gendered expectations, or a genuine
difference in political priorities is a critical question for fu-
ture research.

Ultimately, our findings reveal that even in the highly
structured world of professional politics, gender remains a
fundamental and persistent axis of linguistic differentiation,
shaping the very language of democratic discourse in the
digital age. This extends prior research which differentiates
women candidates’ communication styles (Meeks 2016a;
Trimble 2017; Goodyear-Grant 2013b) by evaluating the re-
lationship between gendered political communication, party
affiliation, and social media engagement.

Building on this study, our future research agenda pro-
ceeds in two main directions. First, we intend to extend our
analysis to non-electoral periods. By analyzing a multi-year
window of everyday political communication, we can es-
tablish a more robust baseline against which the specific,
high-pressure dynamics of a campaign can be systemati-
cally compared. Such a design would enable us to distin-
guish between campaign-specific effects and more durable,
structural patterns in gendered communication.

Our findings document clear gendered patterns, but obser-
vational data of this nature cannot definitively disentangle
their causal mechanisms. As we posited, these divergences
could reflect strategic choice or genuine differences in policy
priorities. The temporal findings—where the framing of top-
ics like the Israel-Palestine conflict flips immediately after
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the election—provide strong support for the role of strategic
choice tied to electoral incentives. The consistent thematic
focus on social and community policy by women could also
reflect genuine differences in political priorities. Disentan-
gling these intertwined forces is a critical task for future re-
search, for which this study provides a necessary empirical
foundation.

Ethical Statement

The proposed dataset adheres to the FAIR principles of Find-
ability, Accessibility, Interoperability, and Reusability. The
dataset is hosted on Github, where it is assigned a unique
identifier to ensure findability and accessibility. The data
is accessible in a standardized and well-documented for-
mat, enabling interoperability across research tools and plat-
forms.

The dataset was carefully designed with ethical consider-
ations in mind throughout the data collection and process-
ing phases. We only collected publicly available data from
X/Twitter, Bluesky, Instagram, TikTok, and YouTube from
candidates who are public-facing individuals.

To reduce the potential for misuse of the dataset, we have
uploaded it to Github under a license that restricts usage to
non-commercial, academic, and research purposes. All of
the software tools we’ve used were used in compliance with
their respective licenses.
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