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Extended Abstract

Masculine defaults are a type of gender bias “in which characteristics and behaviors associated
with the male gender role are valued, rewarded, or regarded as standard, normal, neutral, or
necessary aspects of a given cultural context” [1], and hence result in the other-ing of women
[2]. Considerable prior research has examined gender differences in social media (e.g., [3]-[6])
and in LLMs (e.g., [7]-[10]). But how do masculine defaults manifest on social media? And
how do they impact emerging systems like large language models (LLMs) that are trained in
part over social media?

While masculine defaults are highly connected to gender differences,! there is a research
gap in identifying and analyzing masculine defaults that arise through gender differences in
discourse. Specifically, we focus on patterns of discourse in spoken communication, including
fillers (e.g., uh, um), discourse markers (e.g., well, you know, I mean), false starts (e.g., It
was, anyways, I went to Target yesterday) and more [15], [16]. Such discourse words are non-
content related words that serve important social purposes with respect to gender, such as to
“hold the floor” in conversation [16], [17]. Previous work notes gender differences in how men
and women use specific types of discourse words — for example, men use more filled pauses
and repeats [17], [18] than women. However, these studies lack an automated method for
large-scale discourse word discovery and gender analysis, primarily relying on the Switchboard
corpus [19] — a corpus which is not representative of the range of natural speech patterns, as
the phone calls were recorded in the manufactured, awkward situation of randomly-pairing two
callers and assigning them a topic to discuss.

Hence, we propose in this paper a twofold framework for (i) the large-scale discovery and
analysis of gendered discourse words in spoken content via our Gendered Discourse Cor-
relation Framework (GDCF, shown in Figure 1); and (ii) the measurement of the gen-
der bias associated with these gendered discourse words in LLMs via our Discourse Word-
Embedding Association Test (D-WEAT, shown in Figure 2). Concretely, we focus our
study on podcasts, a popular and growing form of social media [20], [21]. We analyze 15,117
podcast episodes from the Spotify Podcast Dataset [20], to discover the rewards associated
with masculine discourse words in terms of (i) correlated domains with substantial economic
rewards, and (i1) more stable LLM representations. The presence of rewards for these masculine
discourse words means that they indeed constitute masculine defaults [1]. We structure our
work in terms of research questions, as detailed in the following sections.

Research Question 0: How are women and men’s discourse different? We first introduce
our Gendered Discourse Correlation Framework (GDCF) as shown in Figure 1, a framework

'We consider the binary definitions of sex (female/male) and gender (women/men, feminine/masculine) in our
work due to (i) continuity with previous work in the gender debiasing task in the NLP community [8], [10], and (ii)
modeling constraints — i.e., inaSpeechSegmenter [11] for gender approximation via audio signal. This definition,
however, is not representative of the sex and gender spectrums — and transgender, intersex, intersectional identities,
and other identities are also not represented in this binary definition [12]-[14]. This is an important direction for
future work.
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for discovering gendered discourse words, with features which are centered around spoken
content — specifically, an audio-based GENDER SEGMENTER [11], a TOPIC MODELER via
LDA [22] and BERTopic [23], and a specialized CONVERSATIONAL PARSER [24]. We analyze
correlations between gender and discourse words to automatically form gendered discourse
word lists, as shown in Tables 1 and 2. Additionally, GDCEF is a flexible framework which can
be extended to other forms of audio speech data — such as short videos that are prevalent on
TikTok, Instagram, and YouTube, long videos on YouTube, streamers on Twitch, and more.

Research Question 1: Are discourse-based masculine defaults present in domain-specific
contexts? We then study the prevalence of these gendered discourse words in domain-specific
contexts, as shown in Table 3. We find that masculine discourse words are positively correlated
with the business domain, the technology/politics domain, and the video games domain. Partic-
ipation in these domains grants economic rewards [1], hence there are indeed discourse-based
masculine defaults present.

Research Question 2: Are discourse-based masculine defaults present in LLM embed-
dings? Finally, we study the representation of these gendered discourse words as shown in Fig-
ure 2, using a state-of-the-art LLM embeddings model from OpenAl, text-embedding-3-
large. We find that the masculine discourse words have a more stable and robust representation
than the feminine discourse words, as shown in Figures 3 and 4, resulting in better system per-
formance on downstream tasks for men. Hence, men are rewarded [1] for their discourse
patterns with better system performance by one of the state-of-the-art language models — and
therefore this difference in the embedding representations for women and men constitutes a
masculine default [1] and a representational harm [25].

We consider a few key types of implications pertaining to our study of gendered discourse.
(1) Theoretical Implications: First, the use of gendered discourse words can be considered
a type of gender performativity [26]—[30], wherein the discourse words are part of a gender
schema [28], [31]. Hence, we identify specific words which are part of the current hegemonic
masculine strategy [32], [33] — and in the domain of technology, discourse words which are
part of the rechnomasculine strategy [34]—[36]. We contribute GDCF (Figure 1) for the discov-
ery and analysis of gendered discourse words. Second, we contribute D-WEAT as an intrinsic
metric which can be used to debias LLMs, broadening the debiasing task in natural language
processing. (2) Policy Implications: Policymakers — in government or platforms such as Spo-
tify — could implement measures by which to mitigate bias in LLMs with respect to gender.
Specifically, policymakers could regulate the use of D-WEAT to impose an unbiased repre-
sentation of discourse words with respect to gender. D-WEAT could be run regularly, and
a threshold could be set to determine what an “acceptable” level of bias is in a given LLM.
Broadly, D-WEAT can join a set of debiasing methods, tools, and datasets [7]-[10], [37]-[41]
which can be employed to regulate bias in LLMs. (3) Ethical Implications: A potential eth-
ical concern is that tools used to remove bias can also be used to exacerbate bias. GDCF and
D-WEAT could potentially be used to discover discourse words in audio-text corpora, and then
increase the gender bias of the LLM embeddings. This abuse of the framework would be a
representational harm [25]. However, a more important point is that it is hard to undo bias
issues without knowing how that bias manifests; here, we provide a framework to identify and
quantify this subtle gender bias so that it can be undone in powerful LLMs.

Note: This work has been accepted to the 2025 International AAAI Conference on Web and
Social Media (ICWSM 2025).
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Figure 1: GDCF (Gendered Discourse Correlation Framework) Diagram: Testing for correla-
tions with an example of a significant correlation and an insignificant correlation — all (f;, f;)

pairs are labeled significant or insignificant. ]ﬁ\ = 15,117 podcast episodes. z = (%4) =7,626
correlation tests for the 124 total feature vectors.
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Figure 2: D-WEAT: Plot of the segment vectors § and s , and the word vectors, w € A,,, and
w € A, projected into a two-dimensional space for illustrative purposes. The cosine similarity

for s’ and A,,, and s’ and A,, is depicted; the cosine similarity for s and A,,, and s and A,, is
calculated in the same way.

©, Sm () S

70 - Men 70 | Men
Women Women
60 60 1
G 5
Y 50 - o 50 1
~
& &
40 A 40 A
30 - 30 -
D 0 e D P P

T T
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of S, segments which move closer to the women concept (A,,) versus the men (A,,) concept.
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Figure 4: (2 Impact of ¥ on the average percentage of S,, segments which move closer to the
women concept (A,,) versus the men (A,,) concept. (b) Impact of ¥ on the average percentage
of S, segments which move closer to the women concept (A,,) versus the men (A4,,) concept.

Tables

Table 1: LDA with Non-Contextual Embeddings (Bag-Of-Words): The complete set of
significant correlations between gender features and topic features — both content topics and
discourse topics. Based on r, the Topic N Gender forms the gendered discourse word lists via
Topics 54 and 60 (the masculine word lists) and Topic 62 (the feminine word list).

Topic N Gender r Topic N Word List Topic N Categories Topic N Gender
Topic 3 WI\?I[::H _% llit women, woman, men, baby, pregnant, girls, men, doctor, health, birth  Content - Pregnancy Women
Topic 10 Wl\(j[I:ITn _% 1102 energy, body, feel, mind, space, yoga, love, beautiful, feeling, meditation Content - Yoga ‘Women
Topic 49 Wl\(j[r::n _(()) 12 71 game, know, think, team, going, mean, play, year, one, good Content - Sports Men
. Women 0.14 . . . . .
Topic 71 Men 0.14 christmas, sex, girl, hair, love, get, date, girls, let, wear Content - Dating Women
. Women - . . . .
Topic 54 Men 0.12 get, like, know, right, people, going, podcast, make, want, one Discourse Men
Topic 60 Wl\(:l?rfn _(;) zzg going, know, think, get, got, one, really, good, well, yeah Discourse Men
. Women 0.33 . . . . . .
Topic 62 Men 028 like, know, really, going, people, want, think, get, things, life Discourse Women

Table 2: BERTopic with Contextual Embeddings (BERT, ChatGPT, Llama): The complete
set of significant correlations between gender features and topic features for discourse topics

only (content topics are omitted).

Topic N Gender r Topic N Word List Topic N Categories Topic N Gender
Topic 0 Wl\cjlr:gn -8 {) (2)3 like, yeah, know, oh, right, podcast, got, going, think, really Discourse Men
Topic 2 Wl\(;lr:;n _(())(())% life, know, things, really, people, feel, like, want, love, going Discourse Women
Topic 5 Wl\(;;:;n 0?8 like, know, think, yeah, episode, really, going, anchor, kind, right Discourse Women




11" International Conference on Computational Social Science IC2S?
July 21-24, 2025, Norrkdping, Sweden

Table 3: LDA with Non-Contextual Embeddings (Bag-Of-Words): Significant correlations be-
tween content topic features and gendered discourse word lists (discourse topic features 54,
60, 62, see Table 1) for content topic features which do not have direct, significant correlations
with gender features, but may broadly be more used by one gender.

TopicN  LOPi¢ Topic N Word List Topic N Cate- i M Word List Topic M Cate-
M gories gories
Topic get, like, know, right, people,
Topic 5 4p 0.11 data, new, technology, public, Content - going, podcast, make, want, Discourse (Men)
11 bill, theory, science, system,  Technology/ one
Topic ) security, article Political hlk:, i(vr;z\tv trlfianlll(y, g:tm%},]i;r)leos— Discourse
62 0.20 pre, want, think, get TS, Women)
life
. . business, money, company, . get, like, know, right, people,
"ll"gplc ;_szlc 0.24  market, buy, right, million, E:Sr;tent Busi going, podcast, make, want, Discourse (Men)
companies, pay, sell one
Topic 0.18 game, games, play, playin. Content - Video going, know, think, get, got, Discourse (Men)
Topic 60 : game, games, play, paying, one, really, good, well, yeah
like, played, nintendo, video, ~Games . .
79 . . like, know, really, going, peo- .
Topic - fun, switch le. want. think. eet. thines Discourse
62 0.13 pe, want, » 865 HINES,  Women)

life




