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Abstract

Sexism continues to influence political cam-
paigns, affecting public perceptions of candi-
dates in a variety of ways. This paper exam-
ines sexist content on the social media plat-
form X during the 2020 and 2024 US election
campaigns, focusing on both male and female
candidates. Two approaches, single-step and
two-step categorization, were employed to clas-
sify tweets into different sexism categories. By
comparing these approaches against a human-
annotated subsample, we found that the single-
step approach outperformed the two-step ap-
proach. Our analysis further reveals that sexist
content increased over time, particularly be-
tween the 2020 and 2024 elections, indicating
that female candidates face a greater volume of
sexist tweets compared to their male counter-
parts. Compared to human annotations, GPT-4
struggled with detecting sexism, reaching an
accuracy of about 51%. Given both the low
agreement among the human annotators and
the obtained accuracy of the model, our study
emphasizes the challenges in detecting com-
plex social phenomena such as sexism.

Disclaimer: This paper contains content that
can be offensive or upsetting.

1 Introduction

Sexism is defined as prejudice, stereotyping, or
discrimination based on sex, typically against
women (Oxford English Dictionary, 2023). Despite
progress toward gender equality, it remains preva-
lent in many areas of society, from workplaces and
education to the media, shaping perceptions and
limiting opportunities for women. One area where
sexism is particularly prominent is politics, where
women are underrepresented and often unfairly
judged compared to their male counterparts (Fox
and Lawless, 2004; Lovenduski, 2014). Female
candidates often face scrutiny over their leadership
and competence abilities simply because of their
gender. The media further intensifies these biases

by focusing on their looks and personal lives in-
stead of their political views. As social media plays
an important role in shaping voters’ opinions, it re-
inforces existing gender biases and gender-based
criticism, particularly affecting female politicians
(Tromble and Koole, 2020).

Detecting sexism and understanding the inten-
tions behind it are essential steps in overcoming
deeply embedded gender norms and biases, espe-
cially in contexts where women seek leadership
positions, such as presidential candidacy in politics.
However, sexist comments do not always exhibit
obvious negative emotions (Becker and Wright,
2011). Sexism can be subtle, often unnoticed, mak-
ing it challenging to identify since it is embedded
in cultural and societal norms (Swim and Cohen,
1997). Therefore, it becomes crucial to investigate
these implicit forms of sexism and their impact on
individuals and society.

The 2020 and 2024 US election cycles present
a unique opportunity for researchers to examine
whether gender continues to influence the chances
of presidential candidates. The 2020 presidential
election featured Joe Biden and Donald Trump as
primary candidates. In contrast, the 2024 election
was remarkable for a candidate switch during the
campaign, as Joe Biden announced his resigna-
tion on 21 July, with Kamala Harris subsequently
launching her campaign (CNN Politics, 2024).

Our paper analyzes X (formerly Twitter) data
using tweets sampled from three time frames over
two election periods (2020 and 2024). These pe-
riods represent two different candidate scenarios:
male vs. male and female vs. male. The selected
tweets were chosen based on election-specific key-
words, from the data source publicized by previous
research (Balasubramanian et al., 2024).

We use GPT 4.0 (OpenAI, 2024) to categorize
these tweets, setting up two different approaches.
The first approach directly classifies tweets into
non-sexist and more granular sexist categories. The
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second approach involves a two-step process: ini-
tially identifying tweets as either non-sexist or
sexist, followed by categorizing the sexist tweets
into finer-grained categories. A consistent set of
prompts is applied to compare the two approaches,
while a small subsample dataset with manually an-
notated data is used as a reference for evaluating
GPT’s annotation capabilities.

Using this set-up, we address the following re-
search questions (RQs):

• RQ1: How do two-step and single-step GPT-
4-based categorization approaches compare for
identifying and classifying sexist tweets?

• RQ2: Have sexist patterns and categories of sex-
ist content in US election-related discourses on
X changed over the three election time frames?

2 Literature Review

This review offers an overview of sexism in politi-
cal discourse, discussing approaches for classifying
sexist content, with a focus on methods that use
generative AI, and prompting techniques for the
automated detection of sexist language.

Sexism in Politics. Literature on sexism in poli-
tics often focuses on the gender-biased representa-
tion of female politicians and the undermining of
women’s leadership roles, highlighting how such
biases influence public opinion and election out-
comes. Systematic marginalization and societal
structures within political institutions contribute
to underrepresentation and limited political partic-
ipation of women (Lovenduski, 2014). Despite
similar qualifications, women express less political
ambition due to lack of encouragement to run for
office and a lower self-perception of qualifications
(Fox and Lawless, 2004). The 2016 US presiden-
tial election between Hillary Clinton and Donald
Trump served as a crucial case for studying gender
dynamics in politics. Research shows that sexism
played a substantial role in Hillary Clinton’s defeat,
as women candidates face challenges and unequal
evaluations compared to their male counterparts
(Knuckey, 2019).

Sexism also shaped voter favorability: men
showed a much stronger preference for Trump than
women, while attitudes toward Clinton were similar
between genders (Glick, 2019; Ratliff et al., 2019).
Political sexism, defined as the belief that men are
better suited emotionally for politics than women,
strongly predicted support for Trump, especially

among white voters (Bracic et al., 2019). Hostile
sexism, defined as having negative views towards
individuals who defy traditional gender stereotypes,
emerged as a key factor benefiting Trump’s candi-
dacy, while benevolent sexism, which is positive in
tone but yet connotes inferiority to men, increased
support for Clinton without affecting Trump (Glick
and Fiske, 2001; Ratliff et al., 2019). From a
broader point of view, Falk (2010) examines nine
female political campaigns, uncovering how media
portrayals often frame female candidates as unvi-
able or incompetent. Analyzing political sexism in
social media, particularly using X data, has already
been addressed by Tromble and Koole (2020). This
study reports no clear differences in the tone of mes-
sages directed at male and female politicians across
three countries, including the US.

Sexism Classification. Lots of research on sex-
ism in social media has focused primarily on de-
tecting misogyny and hateful language directed at
women (Guest et al., 2021; Pamungkas et al., 2020).
However, sexism often operates in more nuanced
ways. To capture its complexity, researchers have
developed various classification frameworks. A
common method is a two-step approach: first iden-
tifying sexist tweets, then categorizing them into
more granular categories (Jiang et al., 2022; Plaza
et al., 2023). These finer-grained categories can be
defined from multiple perspectives. According to
ambivalent sexism theory (Glick and Fiske, 2001),
sexism can be hostile (overtly negative) or benevo-
lent (seemingly positive but reinforcing inferiority).
Other studies classify the degree to which sexism
manifests itself - blatant, subtle, or covert (Swim
et al., 2004). Studies also explored multi-label clas-
sification, with varying granularity. For instance,
Rodríguez-Sánchez et al. (2021) define five cate-
gories, while Parikh et al. (2019) define 23. Some
approaches incorporate cultural perspectives (Jiang
et al., 2022), focus on specific forms of harassment
(Sharifirad et al., 2018), or distinguish sexism by
target (individual or generic) (Jiang et al., 2022)
and intention (Plaza et al., 2023). These different
classification frameworks highlight the complexity
of sexism and the need for approaches to success-
fully recognize its various forms.

Large Language Models and Prompt Design.
Generative AI is emerging as a powerful tool for
annotation and is being extensively researched as a
substitute for human-annotated data, due to the hu-
man annotation challenges associated with the lat-
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ter (Kern et al., 2023). Studies comparing human-
annotated data with annotations using the ChatGPT
show promising results in detecting hateful, offen-
sive, and toxic (HOT) language (Li et al., 2024),
with high accuracy. However, some highlight the
persisting presence of additional bias in LLM anno-
tations, given different contextual variations (Das
et al., 2024; Okpala and Cheng, 2025). Huang
et al. (2023) emphasize that hate speech detec-
tion is subjective and context-dependent, yet Chat-
GPT performs well even with identifying implicit
hate speech. Maximizing the performance of an
LLM relies on using qualitative prompts. Few-shot
prompting, where the model is asked to perform a
task with a few examples, generally performs better
than zero-shot prompting, where no examples are
given (Brown et al., 2020). Prompt engineering
strategies, such as those introduced by White et al.
(2025), offer adaptable structures for better results.
Despite advancements, the use of LLMs as an anno-
tation tool for sexism-related data remains sparsely
researched. Given the widespread and evolving
nature of sexism on social media, particularly in
political discourse, further research is essential.

3 Research Design and Methodology

In this section, we provide an overview of the data
used for this analysis, how we define the sexism cat-
egories, and the methodology we apply to answer
our research questions.

3.1 Data

The data for this analysis consists of three distinct
periods from US presidential election cycles:

• Biden vs. Trump 2020 (12 - 20 July 2020)
• Biden vs. Trump 2024 (12 - 20 July 2024)
• Harris vs. Trump 2024 (22 - 30 July 2024)

We will refer to these time frames as BT2020,
BT2024, and HT2024, respectively, throughout the
remainder of this paper.

The time frames BT2020 and BT2024 allow for
a year-on-year comparison, providing insights into
shifts in sexism in political discourse over time.
The HT2024 time frame additionally allows for
an analysis of sexism across different candidate
scenarios, as it includes not only an election with
two male candidates (Biden vs. Trump) but also a
race featuring a female vs. male candidates (Harris
vs. Trump). Including the two male vs. male
candidacies aims to provide a clearer understanding

of whether sexist content has increased over time
alone while keeping the candidates constant.

To extract tweets for these three different time
periods, we made use of two public GitHub reposi-
tories from previous research capturing discourse
on X related to the US presidential elections (Chen
et al., 2022; Balasubramanian et al., 2024).

Filtering for Relevant Tweets. Political dis-
course on social media covers a range of topics.
To limit the tweets to more relevance regarding sex-
ism, we filtered the tweets for specific keywords.
The keywords used were: she, her, woman, women,
men, man, female, girl, girls, lady, feminism, fem-
inist, gender, sex, sexism, and sexist. This allows
us to pre-filter the tweets for relevancy.

Data Retrieval for BT2020. Chen et al. (2022)
provide a publicly available repository containing
tweets from January 2020 to June 2021. These
tweets were extracted using 227 different keywords
and account references. The repository consists of
several .txt files, organized by year, month, date,
and hour, with each .txt file containing multiple
tweet IDs. The .txt files covering our selected
time frame, BT2020, were merged together, to then
randomly select a sample of tweet IDs. To retrieve
the actual tweet content corresponding to the IDs,
access to the X API is required. For this analysis,
we used the Basic version of the X API v2 (X De-
veloper Platform, 2025) and extracted tweet texts
and the creation date using the tweepy package in
Python (Roesslein, 2020). Our access period for the
Basic version spanned from January 20 to February
23, 2025. The sample size for this time frame was
set to 15,000 since the Basic X API version allows
retrieval of up to 15,000 tweets per month. Of the
sampled tweet IDs for which requests were sent
via the X API, we ultimately obtained 6,316 tweets
for this analysis. Several factors contributed to this
reduction in available data.

First, we restricted our data set to English-
language tweets, meaning that any non-English
tweets were automatically excluded. Additionally,
a noteworthy number of tweet IDs belong to already
deleted tweets, making it impossible to retrieve
their content. Furthermore, the retrieved tweets
included both original tweets and retweets. Due to
a limitation of the X API and the tweepy package,
the full text of the retweets cannot be retrieved. In-
stead, only a truncated version is available, making
such data unsuitable for this analysis. Since the X
API registers each request - regardless of whether
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the tweet text is available, deleted, truncated, or
not in English - this leads to a considerably lower
number of tweets retrieved than originally antic-
ipated. The implications of these limitations are
discussed further in section 7. The tweets were
categorized into two groups, according to the key-
words mentioned in the previous paragraph. All
tweets containing a keyword (172) were used and
a sample was chosen from tweets not containing
the keywords, resulting in 431 tweets. The reason
for the difference in sampled tweets arises from
the piecewise approach to the OpenAI limit (see
subsection 3.3).

Data Retrieval for BT2024 and HT2024. For
the two election time frames in 2024 (BT2024 and
HT2024) the data used for this analysis was previ-
ously extracted by Balasubramanian et al. (2024)
using 44 different keywords. The correspond-
ing public GitHub repository contained tweets
from May until July 2024 and provided multiple
.csv.gz files consisting of tweets related to the US
election and information such as the tweet ID, text,
url, date, number of retweets, view count, etc. For
our analysis, we kept the tweet ID, the text, and the
date of the tweet. After selecting the tweets that cor-
respond to our two time frames, that is, July 12-20
and July 22-30, 2024, the tweets were filtered into
two groups, according to previously mentioned key-
words with relevance to sexism (see subsection 3.1),
one group with tweets containing the keywords and
the other group without containing them. For the
BT2024 time frame, 3,000 tweets were randomly
sampled per group, resulting in 6,000 tweets to-
gether. For the HT2024 time frame, 1,000-2,000
tweets were sampled per group, resulting in 3,000
tweets together. As for BT2020, the number in
final categorized tweets per group differ slightly
due to the piecewise approach to the OpenAI limit.

The final data used for the analysis consisted of
8,870 tweets, whose statistics are shown in Table 1.

BT2020 BT2024 HT2024
Total Number 431 5,630 2,809
With keywords 172 2,788 930
Without keywords 259 2,842 1,879

Table 1: Statistics of the final dataset.

3.2 Sexism Categories

We classify sexism into distinct categories using
definitions similar to those of other studies (Glick,

2019; Jiang et al., 2022; Rodríguez-Sánchez et al.,
2021; Sharifirad et al., 2018; Swim et al., 2004).

The sexism categories were defined as follows:
• Sexist: Tweets that discriminate, demean, or re-

inforce stereotypes based on gender, including
offensive language, objectification, slurs, or pre-
serving harmful gender roles. Tweets that discuss
the topic of sexism but not in a way that is offen-
sive towards people of certain genders.

• Non-Sexist: Tweets unrelated to gender bias,
respectful or inclusive in tone, and free of gender-
based stereotypes or discrimination.

For the finer-grained categories, the following were
chosen:
• Covert and Subtle Sexism: Tweets that show

unequal treatment that is not overtly hostile but
reinforces systemic inequality. Masking sexism
as a positive sentiment, depicting women as in-
competent or unsuited for specific roles.

• Discrediting: Tweets that undermine women’s
competence, achievements, or worth without
meaningful critique, often dismissing them out-
right or marginalize women from decision-
making and public discussions.

• Objectification and Sexual Harassment:
Tweets that reduce women to their physical
appearance, treating them as objects of desire
rather than individuals with agency or intellect.
Tweets that use sexualized language to intimidate
women in the political sphere.

• Remarks - Awareness and Advocacy: Remarks
or information highlighting sexism or advocating
for gender equality in a way that is not offensive
or derogatory. These kind of tweets often aim to
expose, discuss, or address sexism constructively.

• Stereotyping: Tweets that enforce traditional
gender roles or suggest that women should oc-
cupy lower social, economic, or political statuses
due to traditional or ideological beliefs.

These finer-grained categories were chosen be-
cause they capture types of sexism that are par-
ticularly relevant within the context of political
discourse. The category Remarks - Awareness
and advocacy was specifically included to analyze
whether informative discussions about sexism in-
crease over time and whether a female presidential
candidate leads to more public discussions, aware-
ness, and potentially more positive narratives about
sexism in politics.

For a more detailed overview of the categories,
including the complete definitions and correspond-
ing examples, refer to the prompts in Appendix A.
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3.3 Methods

Classification Approaches. To classify tweets
into defined sexism categories, we compare two
classification approaches using GPT-4. The first
approach follows a single-step categorization, in
which GPT-4 directly categorizes each tweet as ei-
ther Non-Sexist or into one of the finer-grained cate-
gories. The second approach consists of a two-step
categorization process: First, GPT-4 classifies the
tweets as either Sexist or Non-Sexist; all tweets that
were classified as Sexist are further categorized into
finer-grained categories.

To compare the two-step and single-step GPT-
4-based classification approaches, we begin by ad-
dressing RQ1. As metrics for overall comparison of
the prompting approaches for RQ1, we used accu-
racy and Cohen’s Kappa index; for category-wise
comparison, we used recall and precision.

Tweet examples illustrating the alignment and
difference between single-step and two-step cate-
gorization are provided in the Appendix B.

Human Annotation. For the comparison of the
two classification approaches, a subsample data set
of 300 tweets was selected and manually annotated.
To ensure that the annotated tweets represent differ-
ent cases, the selected 300 tweets are composed as
follows: 25% of the tweets were labeled as Sexist
but classified into different finer-grained categories
by both approaches. 25% of the tweets were la-
beled as Sexist by one approach but Non-Sexist by
the other approach. 40% of the tweets were clas-
sified as the same finer-grained Sexist category by
both approaches. 10% of the tweets were labeled
Non-Sexist by both approaches. This selection guar-
antees the representation of cases where the two
approaches differed or aligned. The 300 tweets
were then manually annotated by three annotators.
First, two annotators independently annotated all
300 tweets. For these two annotators, the agree-
ment on the 300 selected tweets, which included
both the Sexist category (subdivided into the five
fine-grained categories) and the Non-Sexist cate-
gory, resulted in a Cohen’s Kappa score of 0.394.
This score is generally considered minimal agree-
ment (McHugh, 2012). Because of this low agree-
ment, a third annotator reviewed the annotations. If
both of the first two annotators assigned the same
category to a tweet, that category was retained. In
cases where their categorization differed, the third
annotator reviewed the tweet and either chose the
more appropriate category or accepted both if either

categories were deemed valid. This serves as the
final human annotation, used for the analysis. The
purpose of this annotation was to determine which
of the GPT-4-based approaches better aligned with
human judgment, used as the ground truth in this
analysis.

4 Results

In this section, the results obtained from the an-
notated tweets are presented. First, the prediction
quality of the different categorization approaches is
evaluated by comparing them to the human annota-
tions (RQ1). Then, the change in the frequency of
the sexism categories over time is analyzed (RQ2).

In total, 8,870 tweets were annotated by both
single-step and two-step categorization: 430 tweets
for the time frame BT2020, 5,630 tweets for
BT2024, and 2,809 tweets for HT2024.

4.1 Comparison of Single- and Two-Step
Categorization

When comparing the human annotation with GPT-4
categorization, a tweet is counted as correctly anno-
tated by GPT-4 if the given category corresponds to
one of the final human-annotated categories. In the
following results, we refer to the human annotation
as the ground truth.

Metric Single-Step Two-Step
Accuracy 0.510 0.503
Confidence Interval [0.452, 0.568] [0.445, 0.561]
Cohen’s Kappa 0.416 0.380

Table 2: Classification metrics for single- and two-
step categorization, taking human-annotated data as the
ground truth. The square brackets show the confidence
interval: [lower bound, upper bound].

In Table 2, the classification metrics chosen
to compare the categorization approaches are de-
picted. The GPT-4 predictions for the single-step
categorization have an accuracy of 51.0%, which
means that 51.0% of the tweets were assigned to
the correct category. Two-step categorization at-
tained a similar accuracy of 50.3%. The accuracy
confidence intervals for both approaches overlap,
meaning there is no statistical significant difference
between the two approaches. Cohen’s Kappa lies at
0.416 for the single-step process, which is consid-
ered weak agreement, and at 0.380 for the two-step
process, which is considered minimal agreement
(McHugh, 2012).

To get a better impression of how well the two
approaches categorize the tweets, it is useful to
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additionally look at classification metrics per finer-
grained sexism category. Figure 1 depicts two
confusion matrices, one for each categorization
method, showing the agreement (in %) between
the GPT-4 categorization and the human annota-
tions. Darker fields indicate higher percentages and,
therefore, higher agreement, while lighter fields
represent lower agreement.
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Figure 1: Confusion matrix of agreement between
single-step (top) and two-step (bottom) categorization
and human annotation

In the confusion matrices for single-step cate-
gorization (top) and two-step categorization (bot-
tom), the off-diagonal elements for the single-step
approach are slightly lighter, indicating fewer mis-
classifications. Additionally, the diagonal values
for the single-step classification are mostly higher
than those of their corresponding cells in the two-
step matrix, suggesting that the single-step cate-
gorization achieves greater overall agreement with
human annotations.

To further compare how the approaches per-
formed, we looked at the precision and recall for
each finer-grained category (see Table 3).

For single-step categorization, recall is highest
for Remarks - Awareness and Advocacy (0.754),
Discrediting (0.727), and Objectification and Sex-

ual Harassment (0.596). The remaining categories
have a recall below 0.5. For the two-step catego-
rization, the highest recall is for Non-Sexist (0.667),
which in the single-step categorization has the low-
est recall. The categories Objectification and Sex-
ual Harassment and Stereotyping achieve a similar
recall in the single-step and two-step categorization.
However, all other categories have a recall below
0.5 in the two-step categorization, which is lower
than for the single-step categorization.

The precision in single-step categorization is
highest for Non-Sexist (0.875), followed by Re-
marks - Awareness and Advocacy (0.812) and Ob-
jectification and Sexual Harassment (0.737). The
other categories have a precision below 0.5. In two-
step categorization, precision is higher for Remarks
– Awareness and Advocacy (0.938) but lower for
Non-Sexist (0.680) compared to single-step cate-
gorization. The precision for Objectification ans
Sexual Harassment remains similar for both ap-
proaches. The other categories have a precision
below 0.3. Table 3 also confirms the results seen
in Table 2, where we assessed overall performance
of the two approaches: better values are achieved
for single-step categorization compared to two-step
categorization.

Overall, single-step categorization outperformed
two-step in most categories, as both recall and pre-
cision are higher. The accuracy is similar for both
approaches, but Cohen’s Kappa is higher for single-
step categorization. However, despite the higher
Kappa for single-step categorization, it remains
quite low, indicating only minimal agreement with
human annotations. Consequently, these results
should be interpreted with caution.

In the remainder of this section, where the cat-
egory distribution is analyzed over time, and to
answer RQ2, only the results for the single-step
categorization are reported. All corresponding anal-
yses for two-step categorization can be found in
Appendix A.

4.2 Relative Frequencies of Categories
In Table 4, the relative frequencies of sexism cate-
gories are presented for different time frames, deter-
mined by single-step categorization. Since we have
different numbers of tweets per time frame, the rela-
tive frequencies are assessed instead of the absolute.
Table 4 shows that the relative frequency is highest
for the Non-Sexist category across all three time
frames: 90.72%, 85.22%, and 58.70% for BT2020,
BT2024, and HT2024, respectively. When compar-

135



Single-Step Two-Step
Recall Precision Recall Precision

Non-Sexist 0.292 0.875 0.667 0.680
Covert and Subtle Sexism 0.366 0.417 0.128 0.250
Discrediting 0.727 0.240 0.444 0.162
Objectification and Sexual Harassment 0.596 0.737 0.562 0.794
Remarks - Awareness and Advocacy 0.754 0.812 0.448 0.938
Stereotyping 0.429 0.200 0.500 0.189

Table 3: Classification metrics per sexism category for single- and two-step categorization.

BT2020 BT2024 HT2024
Non-Sexist 90.72 85.22 58.70
Covert and Subtle Sexism 0.70 1.55 3.06
Discrediting 5.80 9.01 27.91
Objectification and Sexual Harassment 1.16 1.17 1.32
Remarks - Awareness and Advocacy 1.62 2.42 8.22
Stereotyping 0.00 0.64 0.78

Table 4: Relative frequency of sexism categories according to single-step categorization by time frame

ing BT2020 with BT2024 - the two election time
frames where we had male vs. male candidates -
single-step categorization suggests that Non-Sexist
tweets decreased slightly (-5.50%). Whereas, when
the election periods where two males were candi-
dates, BT2020 and BT2024, are compared to the
time frame HT2024 (female vs. male), we can see
that Non-Sexist tweets became increasingly less
prevalent (-32.02% and -26.52%, respectively).

The relative frequency of sexist tweets addition-
ally increases when comparing male vs. male with
female vs. male election periods, especially for the
sexism categories Covert and Subtle Sexism, Dis-
crediting, and Remarks - Awareness and Advocacy.
The category Discrediting has the highest relative
frequency (27.91%) for the election period HT2024
compared to the other categories and the election
periods BT2020 and BT2024. In Appendix C, Ta-
ble 6 the additive and multiplicative changes be-
tween the three time frames are displayed.

When looking at the multiplicative change in
relative frequency, we can observe the following.
Comparing BT2020 with BT2024, single-step cat-
egorization suggests that sexist tweets became in-
creasingly prevalent. Covert and Subtle Sexism had
the largest relative increase, more than doubling in
prevalence. Discrediting and Remarks - Awareness
and Advocacy each increased by about 50%.

Comparing BT2020 to HT2024, these three cat-
egories (Covert and Subtle Sexism, Discrediting,
and Remarks - Awareness and Advocacy) showed
an even greater increase – up to 5 times as much.
Meanwhile, Non-Sexist tweets decreased by 35%.
The category Objectification and Sexual Harass-
ment exhibited the least change in time frames. In

particular, in the first time frame, no tweets were
classified as Stereotyping, though it is essential to
consider that fewer tweets were classified in this
period, which may have affected the results.

These results indicate that sexist tweets seem to
have slightly increased between 2020 and 2024 and
increase even more when a female is running for
presidency. These results will be discussed in more
detail in section 6.

It is important to keep in mind that these inter-
pretations are based on single-step categorization,
which, as shown earlier in this section, has only
limited reliability. In Appendix C, Table 5 show
the category distribution according to two-step cat-
egorization and its changes over time. However, it
is crucial to note that the two-step approach per-
formed comparatively poorly, making its distribu-
tion and observed changes over time less reliable.

In Figure 2, the distribution of sexist categories
over time is shown for the year 2024. The fig-
ure reveals that shifts in the distribution occurred
suddenly rather than gradually, particularly when
the presidential candidates changed and Harris
replaced Biden. When looking at the shift for
each sexism category, Discrediting and Remarks -
Awareness and Advocacy have the steepest increase.
This also reflects the results seen in Table 4.

In Appendix C in Figure 3 the same figures can
be seen for two-step categorization. Also, in Ap-
pendix C, Figure 4 the distribution for all categories
(Sexist and Non-Sexist), according to single-step
and two-step categorization, can be seen for each
of the three time frames.
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Figure 2: Distribution of sexist categories according to
single-step categorization over time (gray area separat-
ing the two time frames BT2024 and HT2024)

5 Discussion

The results for RQ1 show that single-step catego-
rization outperforms the two-step approach. The
findings indicate a higher Cohen’s Kappa, as well
as better precision and recall for most sexist cat-
egories. However, the single-step categorization
approach achieved weak agreement with human
annotations, indicating that GPT-4 struggles to cat-
egorize finer instances of sexism. Although GPT-
annotation has demonstrated promising results in
the identification of hateful, offensive, and toxic
language on social media (Li et al., 2024), these
results contradict our findings. This could be due to
the complexity of sexist language, making it harder
for GPT-4 to detect, or the differences in methodol-
ogy and the limitations presented in section 7. The
minimal inter-annotator agreement additionally in-
dicated that sexist content is complex and can be
perceived differently by individuals. This shows
that the challenge lies not only in the limitations
of GPT-4 but also in the subjective nature of sex-
ism classification itself. In contrast to Plaza et al.
(2023) and Jiang et al. (2022), where classifying
content as sexist or non-sexist before classifying
it into finer categories proved more effective, our
findings suggest the opposite.

The results for RQ2 show a shift in sexist con-
tent across the three election periods. The relative
frequency of sexist tweets increased from 2020 to
2024, with a particularly higher rise during the Har-
ris vs. Trump 2024 election. These findings align
with the previous research, showing that female
candidates face increasing sexism in political dis-
course online (Bracic et al., 2019; Knuckey, 2019).

As seen in section 4, Covert and Subtle Sex-
ism became increasingly more prevalent from 2020

to 2024, suggesting that sexist comments are be-
coming less explicit and more complex over time.
The frequency of tweets that exhibited Remarks -
Awareness and Advocacy regarding sexism particu-
larly increased between the two male vs. male elec-
tions and HT2024. This indicates that a female can-
didate contributes to more discussions surrounding
information about sexism or advocating for gender
equality. The category Discrediting also had one
of the highest relative frequency changes between
elections with male vs. male candidates and female
vs. male candidates. This increase in Discredit-
ing tweets observed during HT2024 aligns with
research by Falk (2010), which found that female
politicians are often portrayed as less competent or
natural compared to male candidates. However, the
findings contradict Tromble and Koole (2020), who
found no clear differences in the tone of messages
directed at female and male politicians. This dis-
crepancy could be explained due to the increasing
polarization of US politics in recent years, espe-
cially on the platform X.

6 Conclusion

This research aimed to investigate sexist content
in political discourse on social media during the
2020 and 2024 US election campaigns, comparing
different time frames and candidate gender scenar-
ios. Two approaches were used to detect sexism,
and GPT-4’s role as a data annotation tool was
evaluated. For RQ1, the results showed that the
single-step categorization outperformed the two-
step approach, but both had limited reliability and
low agreement with human annotations. This high-
lights GPT-4’s limitations in sexism detection and
the need for improved classification methods for
social phenomena such as sexism. For RQ2, sexist
discourse increased between 2020 and 2024, with
a notable rise when Kamala Harris was a presi-
dential candidate. These findings suggest female
candidates continue to face gender-based discrim-
ination in political discussions. At the same time,
the challenges of detecting sexism are reflected
both in the low human inter-annotator agreement
and the model’s accuracy. This underlines the need
for further research on capturing complex social
phenomena such as sexism in computational re-
search and emphasizes the importance of refining
LLM-based sexism detection to support research
on gender bias.

137



7 Limitations

This additional section points out several key limi-
tations, which could potentially pave the way for
future research.

Data Retrieval and API Constraints. A major
limitation in the BT2020 timeframe is the avail-
ability and retrieval of tweets. Since data retrieval
relied on tweet IDs from an existing dataset (Chen
et al., 2022), many tweets were no longer accessi-
ble at the time of retrieval. Tweets that had been
deleted by users or removed by the platform could
not be retrieved, yet they still counted as requests
due to the X API’s limitations. As controversial
or highly offensive tweets may be more likely to
be deleted, this introduces a potential bias. The
BT2020 timeframe could underrepresent more ex-
treme and offensive types of sexism, as tweets that
provoked backlash or violated platform policies
could have been removed. Additionally, the X API
does not provide full-text access to retweets. Since
retweets were included in the tweet ID dataset from
Chen et al. (2022), when retrieving them, we ob-
tained a truncated text, making them unsuitable
for this analysis. Since the API does not allow
pre-filtering based on whether a tweet is an origi-
nal post or a retweet, extensive computational time
was spent obtaining tweets that were not usable.
The Basic X API version also limits the number of
queries to 15 requests per 15 minutes, resulting in a
long data collection period. Future research could
explore alternative data retrieval methods, such as
higher-level API access or pre-filtered data sets
such as the data set for 2024 (Chen et al., 2022), to
minimize data loss and computational time. Other
research ideas for the future could expand the analy-
sis beyond X. With the increasing role of platforms
like TikTok, future research could use the TikTok
API - which allows for quick keyword-based data
collection without high computational time or ma-
jor limitations - to reproduce this analysis. This
would also enable researchers to examine sexist
discourse across multiple social media platforms,
providing a more comprehensive picture of sexism
in online political discourse.

Annotation Bias. The annotation procedure po-
tentially introduces a source of bias due to the
limited number of annotators and their sociode-
mographic diversity. All three annotators in this
study are white females with a shared social and
cultural background, potentially influencing the

perception of sexist content. More diverse anno-
tators, including individuals of different genders,
ethnicities, and political perspectives, could pro-
vide a broader, less biased understanding of how
to define sexist language in political debate. Addi-
tionally, the very low level of agreement between
the first two annotators indicates that classifying
sexism into fine-grained categories is a challenging
and subjective task, even among individuals with
similar backgrounds. As a result. the reported ac-
curacy scores of GPT-4 should be interpreted with
caution. Future research could focus on extending
the annotation process in order to improve the clas-
sification reliability and strengthen the results of
the research questions.

Keyword Discrepancies Between Time Frames.
The 2020 data set was created using 227 keywords
and account references (Chen et al., 2022), while
the 2024 data sets are based only on 44 keywords
(Balasubramanian et al., 2024). When comparing
these, we found that only 10 keywords were iden-
tical in both data sets. Although some differences
in the keywords are obvious, e.g., election-specific
keywords such as "Trump2020" or "Harris2024,"
the overall difference in keyword quantity may
have influenced the comparability of sexist content
between the three time frames. A potential exten-
sion of this paper could be to reproduce the analysis
by first generating a new list of keywords and ex-
tracting new tweets for each election time frame.
This approach would address the issue of keyword
discrepancies and also resolve the challenge of re-
trieving previously deleted tweets, as described in
the Data Retrieval and API Constraints paragraph.

Platform Evolution. An important limitation
when comparing 2020 and 2024 is the change in the
social media platform X. Following Elon Musk’s
acquisition of Twitter in October 2022, there were
significant shifts in content moderation policies
(Conger and Hirsch, 2022). While some previously
suspended right-leaning accounts were restored,
many left-leaning users left the platform (Barrie,
2023). As a result, the user base between 2020
and 2024 changed, which may have influenced the
types of content shared and the tone of political dis-
course. This implies that the results should be inter-
preted within the context of X specifically, rather
than as representative of the general population in
the US. Future research could address this limi-
tation by incorporating data from other platforms
(e.g., TikTok or Reddit) or modeling changes in the
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platform’s user base over time. Despite this limita-
tion, the results still indicate a notable increase in
sexist content from the BT2024 time frame to the
HT2024.

Candidate-Specific Factors. Sexist language is
rarely isolated from other forms of marginaliza-
tion. For instance, Kamala Harris is biracial, a
stepmother, and a female candidate in a male-
dominated office. This study centers on sexism
and does not take other factors such as race, re-
ligion, or family structures into account. Conse-
quently, some tweets labeled as sexist may be inter-
sectional, while other tweets motivated by sexism
but amplified by race or parental status could be
under-captured. A better picture of online hostil-
ity might come from extending the taxonomy to
include overlapping categories to control for other
candidate-specific factors.

Contextual Differences Between Election Peri-
ods. Finally, when analyzing the results, the po-
litical context surrounding the 2020 and 2024 elec-
tions must be considered. The 2020 election pe-
riod occurred during the COVID-19 pandemic. Al-
though the 2020 election was dominated by online
discussions and political discourse surrounding the
pandemic, the 2024 election took place after the
pandemic, which could lead to different discussion
topics and a greater focus on other time-relevant
topics. The presence or absence of major external
events may have changed the way sexism mani-
fested in online political discourse, making direct
comparisons between time frames more complex.
To account for this limitation, the tweets for both
time frames were already filtered by specific key-
words that could potentially be linked to sexism,
as described in subsection 3.3. One approach to
further extend this analysis could focus on longitu-
dinal tracking of sexist discourse beyond election
cycles. Instead of focusing on a short 9-day elec-
tion period, future research could analyze sexism
in political discourse during a broader time period.
This could help better understand whether the in-
crease or decrease in sexist content in political dis-
cussions is temporary and event-driven or whether
it indicates a broader societal trend.
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A GPT-4 Prompts

A.1 Single-Step Approach

Single-Step Approach
I want you to perform a data annotation task. In your output, I want you to categorize a tweet into
one of the following categories, considering the respective enclosed definition and three examples:
A tweet belongs to the category Non-Sexist if it is neutral or unrelated to sexism and it does not
contain any discriminatory or gendered undertones. Examples for this category would be:
- "She gave a great speech on climate policy!"
- "We need more candidates like her!"
- "He would be better president."
A tweet belongs to the category Remarks - Awareness and Advocacy if it includes a remark or
information highlighting sexism or advocating for gender equality in a way that is not offensive
or derogatory. These comments often aim to expose, discuss, or address sexism constructively.
Examples:
- "We need more women in leadership roles—diversity strengthens democracy."
- "It’s disheartening to see how women candidates are treated differently from men in this election."
- "She’s breaking barriers and paving the way for future generations—proud of her resilience in the
face of sexism."
A tweet belongs to the category Discrediting if it attempts to undermine women’s competence,
achievements, or worth without engaging in meaningful critique, often dismissing them outright
(explicit negative sentiment targeting women, often demeaning their character, intentions, or
abilities), or if it is an attempt to preserve male control or marginalize women from decision-
making and public discussions. Examples:
- "What does she know about politics?"
- "She’s only there to meet diversity quotas, not because she’s actually qualified."
- "Politics is no place for a woman—leave it to the men."
A tweet belongs to the category Stereotyping if it enforces traditional gender roles or suggests that
women should occupy lower social, economic, or political statuses due to traditional or ideological
beliefs. Examples:
- "She’s just another angry feminist, probably can’t even cook."
- "Her place is to support men, not lead."
- "She’s just overreacting, like all women do."
A tweet belongs to the category Objectification and Sexual Harassment if it reduces women to
their physical appearance, treats them as objects of desire rather than individuals with agency or
intellect, or uses sexualized language or harassment to intimidate or silence women in the political
sphere. Examples:
- "Politics is for people with brains, not just pretty faces."
- "She needs to get laid, maybe she’ll calm down."
- "She’s asking for it, dressing like that in public."
A tweet belongs to the category Covert and Subtle Sexism if it shows unequal treatment that is
not overtly hostile but perpetuates systemic inequality through normalized attitudes and actions, or
if it masks sexism as positive sentiment, often portraying women as needing protection, incapable
of independence, or inherently suited for specific roles. Examples:
- "She should smile more if she wants to connect with people."
- "It’s surprising how well she handles tough questions for a woman."
- "We need women in politics to bring a softer touch."
Your answer should only contain the name of the given category. Do not provide any other
outputs or any explanation for your output.
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A.2 Two-Step Approach

Two-Step Approach: First Step Prompt

I want you to perform a data annotation task. In your output, I want you to categorize a tweet into
one of the following categories, considering the respective enclosed definition and three examples:
A tweet belongs to the category Sexist if it discriminates, demeans, or reinforces stereotype based
on gender. This includes offensive language, objectification, gender-based slurs, or preserving
harmful/negative gender roles. A tweet also belongs to this category if it discusses the topic of
sexism, gender discrimination, or stereotypes but not in a way that is offensive towards people of
certain gender. Examples for this category would be would be
- "It is insulting to women to have the obey-clause remain in the marriage service",
- "Girls shouldn’t be allowed to be commentators for football games",
- "who asked you? Stupid bitch"
A tweet belongs to the category Non-Sexist if it is not related to sexism and do not contain any
form of gender-based bias, discrimination, or stereotyping. The tweet is neutral, respectful, or
positively inclusive in tone and content regarding gender. Examples for this category would be
- "We need more women in leadership roles—diversity strengthens democracy.",
- "It’s disheartening to see how women candidates are treated differently from men in this election.",
- "She’s breaking barriers and paving the way for future generations—proud of her resilience in the
face of sexism."
Your answer should only contain the name of the given category. Do not provide any other
outputs or any explanation for your output.
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Two-Step Approach: Second Step Prompt

I want you to perform a data annotation task. In your output, I want you to categorize a tweet into
one of the following categories, considering the respective enclosed definition and three examples:
A tweet belongs to the category Remarks - Awareness and Advocacy if it is/includes a remark or
information highlighting sexism or advocating for gender equality in a way that is not offensive or
derogatory. These kind of comments often aim to expose, discuss, or address sexism constructively.
Examples for this category would be
- "We need more women in leadership roles—diversity strengthens democracy.",
- "It’s disheartening to see how women candidates are treated differently from men in this election.",
- "She’s breaking barriers and paving the way for future generations—proud of her resilience in the
face of sexism.".
A tweet belongs to the category Discrediting if it is/includes an attempt to undermine women’s
competence, achievements, or worth without engaging in meaningful critique, often dismissing
them outright (explicit negative sentiment targeting women, often demeaning their character,
intentions, or abilities), or if is an attempt to preserve male control or marginalize women from
decision-making and public discussions. Examples for this category would be
- "What does she know about politics?",
- "She’s only there to meet diversity quotas, not because she’s actually qualified.",
- "Politics is no place for a woman-leave it to the men.".
A tweet belongs to the category Stereotyping if it is enforcing traditional gender roles or suggesting
that women should occupy lower social, economic, or political statuses due to traditional or
ideological beliefs. Examples for this category would be
- "She’s just another angry feminist, probably can’t even cook.",
- "Her place is to support men, not lead.",
- "She’s just overreacting, like all women do.".
A tweet belongs to the category Objectification and Sexual Harassment if it is reducing women
to their physical appearance, treating them as objects of desire rather than individuals with agency
or intellect, or if it using sexualized language or harassment to intimidate or silence women in the
political sphere. Examples for this category would be
- "Politics is for people with brains, not just pretty faces.",
- "She needs to get laid, maybe she’ll calm down.",
- "She’s asking for it, dressing like that in public.".
A tweet belongs to the category Covert and Subtle Sexism if it shows unequal treatment that is
not overtly hostile but perpetuates systemic inequality through normalized attitudes and actions,
or if it is masking sexism as positive sentiment, often portraying women as needing protection,
incapable of independence, or inherently suited for specific roles. Examples for category would be
- "She should smile more if she wants to connect with people.",
- "It’s surprising how well she handles tough questions for a woman.",
- "We need women in politics to bring a softer touch.".
Your answer should only contain the name of the given category. Do not provide any other
outputs or any explanation for your output.
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B Alignment and Differences between Single-Step and Two-Step Approach

Alignment between Approaches

Tweet
The first female president should be honorable and should not have slept her way to the top.
Categorization for both Single-Step and Two-Step Approach
Discrediting

Difference between Approaches

Tweet
She has no skills. So maga it is
Categorization for Single-Step Approach
Discrediting
Categorization for Two-Step Approach
Non-Sexist
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C Additional Results

BT2020 BT2024 HT2024
Non-Sexist 98.144 95.702 88.501
Covert and Subtle Sexism 0.232 0.320 0.570
Discrediting 0.696 2.007 5.732
Objectification and Sexual Harassment 0.000 0.675 0.783
Remarks - Awareness and Advocacy 0.000 0.711 3.667
Stereotyping 0.928 0.586 0.748

Table 5: Relative frequency of sexism categories according to
two-step categorization by time frame
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Figure 3: Distribution of sexist categories according to two-step prompting over time in 2024
(gray area separating the time frames BT2024 and HT2024)
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Change from BT2020 to BT2024

BT2020 BT2024
BT2020 to

BT2024
(additive)

BT2020 to
BT2024

(multiplicative)
Non-Sexist 90.72 85.22 -5.50 0.94
Covert and Subtle Sexism 0.70 1.55 +0.85 2.22
Discrediting 5.80 9.01 +3.21 1.55
Objectification and Sexual Harassment 1.16 2.42 +0.01 1.01
Remarks - Awareness and Advocacy 1.62 2.42 +0.80 1.49
Stereotyping 0.00 0.64 +0.64 Inf

Change from BT2020 to HT2024

BT2020 HT2024
BT2020 to
HT2024

(additive)

BT2020 to
HT2024

(multiplicative)
Non-Sexist 90.72 58.70 -32.02 0.68
Covert and Subtle Sexism 0.70 3.06 +2.36 4.40
Discrediting 5.80 27.91 +22.11 4.81
Objectification and Sexual Harassment 1.16 1.32 +0.16 1.14
Remarks - Awareness and Advocacy 1.62 8.22 +6.60 5.06
Stereotyping 0.00 0.78 +0.78 Inf

Change from BT2024 to HT2024

BT2024 HT2024
BT2024 to
HT2024

(additive)

BT2024 to
HT2024

(multiplicative)
Non-Sexist 85.22 58.70 -26.52 0.69
Covert and Subtle Sexism 1.55 3.06 +1.51 1.98
Discrediting 9.01 27.91 +18.90 3.10
Objectification and Sexual Harassment 1.17 1.32 +0.15 1.12
Remarks - Awareness and Advocacy 2.42 8.22 +5.80 3.40
Stereotyping 0.64 0.78 +0.14 1.22

Table 6: Change in relative frequency of sexism categories according to single-step
categorization by time frame
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Figure 4: Distribution of all categories over time according to single-step (a) and
two-step (b) categorization
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