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Abstract:

The COVID-19 pandemic reignited longstanding debates around gender inequalities in paid
and unpaid work. While survey research has advanced our understanding of these disparities,
it typically relies on predefined categories and is susceptible to social desirability and recall
bias. Online postings, by contrast, capture intimate experiences in real time but rarely include
demographic attributes. We leverage a unique dataset of discussions in Reddit relationship
communities that combines rich descriptions of conflicts around (un)paid work with
demographic information to examine: Which topics do men and women discuss in
relationship conflicts around paid and unpaid work? We use Large Language Models (LLMs)
and systematically vary GPT-family models and prompting strategies to classify manifest
(demographic information) and latent variables (whether posts discuss romantic relationships,
paid, and unpaid work) in Reddit posts. Using classifications from the best-performing
approach, we apply Structural Topic Models to explore which topics partners discuss and how
discussions evolve over time. We find temporary pandemic shifts in topics, and women more

often discuss mental health in paid work-related conflicts, while men more frequently
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emphasize career objectives. In conflicts related to unpaid work, men more frequently express
concerns about sexual intimacy. Our analysis offers new insights into topics driving
relationship conflicts around (un)paid work. We also contribute to the growing literature on
LLMs’ capabilities and limitations in classifying social-science constructs. By combining
demographic information with sensitive narratives, our dataset captures forms of relational
conflict rarely accessible in survey or social-media research, opening promising avenues for

future research.

Keywords: Gender inequality, Paid and household labor, LLM classification, Reddit data,
Structural Topic Model, Relationship conflict
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Introduction

The COVID-19 pandemic has renewed longstanding questions about gender inequalities in
the division of paid and unpaid work.! As schools and daycare facilities closed worldwide,
care demands surged — and were predominantly met by mothers (e.g., Huebener et al., 2024;
Zoch et al, 2021). Additionally, social distancing measures and workplace closures
contributed to widening gender inequalities in professional advancement (e.g., Haas et al.,
2025; Hipp & Konrad, 2022). Together, these developments point to a shift towards more
traditional gender roles during times of crisis (e.g., Huebener et al., 2024; Zoch et al., 2021).
Research further highlights the pandemic’s far-reaching consequences as women, particularly
mothers, reported higher levels of stress, reduced well-being, and more severe mental health
challenges compared to men (Ervin et al., 2024; Zoch et al., 2022). Greater and subjectively
perceived unfair shares of maternal care and housework were also positively linked to
relationship problems and decreased relationship satisfaction for women (Waddell et al.,

2021).

So far, most studies on gender inequalities in the division of labor and associated mental
health disparities rely on surveys and interviews facing notable limitations. Standardized
surveys typically work with predefined categories, are prone to recall bias, and often
underrepresent emotionally charged or stigmatized experiences (Acht & Rebaudo, 2025;
Zoch, 2021). By contrast, people write about intimate experiences in considerable detail on
anonymous online platforms such as Reddit when seeking advice. Such postings, however,

rarely include demographic information and remain challenging to analyze at large scale.

We leverage the features of two relationship communities on the popular social media
platform Reddit, which uniquely combine rich descriptions of relationship conflicts with
demographic information. Using a large-scale collection of posts from the years before,
during, and after the COVID-19 pandemic (2011-2023), we examine which topics women and
men discuss in relationship conflicts around paid and unpaid work. We ask: How do women
and men on Reddit discuss conflicts between paid work and private life, care and household

responsibilities, and relationship tensions over time?

Reddit, launched in 2005, currently hosts more than over 100 million daily active users and

more than 100,000 active thematic communities known as subreddits. Active users are

" In this paper, we use the terms "paid work" and "unpaid work". While the literature sometimes classifies
volunteering as unpaid work, we focus specifically on household and caregiving tasks. The definitions and
operationalization used for data annotation include related terms such as "paid labor" and "household labor",
reflecting terminology often used in the literature on housework.
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predominantly male, and almost half are based in the United States (Proferes et al., 2021;
Reddit, 2025). On Reddit, users discuss a wide range of topics of personal interest, many of
which have been extensively studied by the scientific community, including politics, mental
health and drug abuse, sexual identity and gender roles, and popular culture. Owing to its
thematic organization and unrestricted post length, the platform is particularly well suited for
analyzing extensive textual data on specific topics and subpopulations (Amaya et al., 2021;
Britt et al., 2023; Proferes et al., 2021). We focus on the subreddits r/relationships and
r/relationship advice, where users seek and provide advice on intimate relationship conflicts,
including romantic, familial, friendship, and professional relationships. Reddit is known for
its anonymity, as registration only requires a valid email address, and users can create
multiple accounts, leading to the phenomenon of so-called “throwaway accounts” (Leavitt,
2015). The anonymity afforded by Reddit encourages users to describe sensitive relationship
conflicts in great depth as they unfold, including those on paid and unpaid work, thereby
reducing the risk of social desirability and recall bias. Reddit might also provide access to
groups often underrepresented in conventional studies, particularly individuals experiencing
crises, those with low institutional trust, and those reluctant to participate in formal studies.
Importantly, the posting rules of these two subreddits require users to report the age and
gender of both partners (r/relationship _advice, 2025; r/relationships, 2025), information that is
typically not available in other online data sources and allows us to examine gender

differences in conflict discussions.

Given the large volume of posts in these subreddits, we employ Large Language Models
(LLMs) to automatically extract the demographic information and classify posts based on
whether they discuss romantic relationships, paid work, and unpaid work. LLMs offer a
flexible, accessible, and cost-efficient approach to text classification (Davidson, 2024).
However, researchers applying LLMs to text data classification are confronted with a plethora
of models (e.g., Alizadeh et al., 2025) and prompting approaches to experiment with. In
addition, the classification of latent constructs has proven particularly challenging with LLMs
(e.g., Tornberg, 2023). If human annotators do not agree due to ambiguity of language and
subjectivity, then LLMs fine-tuned on human rater data might struggle as well. To identify the
best-performing classification approach, we systematically compare models from OpenAl’s
GPT-family (03, 4o, 4.1), prompting strategies, fine-tuned vs. base models, and context
windows. We evaluate performance against human annotations using best-practice metrics
(F1-Score, Cohen’s Kappa, Matthews Correlation Coefficient) with bootstrapped confidence

intervals. Building on the best-performing LLM classification, we apply Structural Topic
2
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Modeling (STM; Roberts et al., 2016) to examine how gendered discourses evolve over time

(2011-2023).

Our analysis provides new exploratory insights into the topics driving relationship conflicts
surrounding paid and unpaid work discussed on Reddit, gender differences in these
discussions, and the impact of external crises such as the COVID-19 pandemic. To this end,
we construct a unique dataset of posts from Reddit relationship communities between 2011
and 2023, including information on relationship type and sociodemographic characteristics of
the individuals involved in the conflicts. These data offer great potential for further analyses,
for instance, on relationship dynamics in same-sex and opposite-sex couples, conflicts in
parent-child relationships, post popularity and comments.? Methodologically, we contribute to
the growing literature on the capabilities and limitations of LLMs for the classification of
complex latent social science constructs as we show that LLMs classify manifest variables
with high accuracy but struggle with the classification of rare, latent constructs. Our findings
offer practical guidance for researchers seeking to apply LLMs to complex text classification

and to critically assess their potential and limitations.
Gender Differences in Paid and Unpaid Work

Research has consistently documented persistent gender inequalities in the division of paid
and unpaid work, which tend to widen over the life course, particularly around childbirth
(Nitsche & Grunow, 2016). Even when women are equally engaged in paid work, they
continue to perform more unpaid work than men (Schober & Zoch, 2019), a pattern shaped by
persistent gender norms and institutional frameworks (Cooke & Baxter, 2010, for an
overview). Although men’s participation in household labor has increased, the division of
unpaid work remains highly unequal, with women — both in married and unmarried couples —
continuing to shoulder the majority of domestic and care responsibilities (e.g., Pailhé et al.,
2021; Zoch & Heyne, 2023). These imbalances are associated with reduced relationship
quality and satisfaction, increasing risk of separation, particularly for women (Frisco &

Williams, 2003).

External shocks can further intensify these gender inequalities, as the COVID-19 pandemic
has shown. As schools and daycare centers closed, care burdens rose sharply, predominantly

for mothers, even in dual-earner households (e.g., Zoch et al., 2021). These added burdens led

2 Out of ethical and privacy considerations, we do not include the post’s author (user name), title and text in the
published dataset. Upon legitimate request, researchers can additionally request the data set including the post’s
content.
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to a temporary re-traditionalization of roles (Huebener et al., 2024) and had negative
consequences for maternal well-being, including increased stress, reduced life satisfaction,

and greater mental health challenges (Ervin et al., 2024, for an overview; Zoch et al., 2022).

Building on this body of research, our study addresses key gaps that traditional survey or
interview-based studies often cannot fully capture, such as difficulties to continuously track
social phenomena over time, predefined response categories, and social desirability and recall
bias (Acht & Rebaudo, 2025; Zoch, 2021). In contrast, Reddit posts offer spontaneous,
non-reactive, real-time reflections on emotionally charged topics related to gendered

inequalities, household labor, parenting stress, work-family conflict, and relationship strain.

Previous research has shown that Redditors do discuss topics related to relationship stressors,
paid work, and unpaid work. However, these strands of research have rarely been connected.
For instance, Gorrepati et al. (2025) use Reddit data to examine the mental health
consequences of relationship stressors such as breakups. Research on paid work has
investigated topics such as attitudes toward remote work (Elbaz et al., 2025) and the
disproportionate mental health burdens experienced by working mothers during the
COVID-19 pandemic (Huang et al., 2023). Studies of unpaid work have focused primarily on
parenting strain (e.g., Francisco, 2025; Teague & Shatte, 2021; Westrupp et al., 2022) and
elder caregiving (Amorim et al., 2026; Hswen et al., 2024), with some also examining the
effects of parenting on relationship quality and work-family conflict (Pilkington & Rominov,
2017). We extend this literature by investigating the topics that drive relationship conflicts
arising from both paid and unpaid work. By tracing discourse patterns over time, we shed

light on how gendered relationship dynamics evolved under conditions of crisis.

Data and Methods

Data

We focus on two large Reddit communities: »/relationship advice and r/relationships, with 16
million and 3.6 million members in 2025, respectively. Both communities are dedicated to
seeking and providing advice on relationship issues, including romantic, familial, friendship,
and professional relationships. Although the majority of posts in both subreddits are written in
English, users from around the world can post and comment. The rules of both subreddits
require posts to include information about the age, gender, and length of relationships of those

involved, as well as a brief summary (for longer posts) and a specific question or request for
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advice (r/relationship advice, 2025; r/relationships, 2025). Figure 1 shows a synthetic

example post.
- Figure 1 here -

We obtained the Reddit data for both subreddits for the period 2009 to 2024 using publicly
available torrent files collected by Pushshift and u/raiderbdev and hosted by
academictorrents.com (Baumgartner et al., 2020; Watchfull, 2025). These files contain
comprehensive archives of Reddit content. After removing erroneous entries (incorrectly

formatted) and empty posts, our dataset included 2,351,608 posts.

From this data, we extracted the following variables using LLM annotation evaluated against
manual coding (see Table B.1-1 in the Appendix for an overview, including detailed variable
descriptions, definitions, range, and levels): Manifest variables include the author’s age and
gender and the age, gender, and role of the second protagonist mentioned in a post. The role is
an open-ended response indicating who is involved in the relationship conflict (e.g.,
boyfriend, co-worker, mother). Complex variables refer to latent constructs. Posts were
categorized as discussing paid work, unpaid work, and/or romantic relationships. We defined
constructs based on theoretical considerations (see Section B.1.2. in the Appendix for
definitions) and posts were classified by measuring the percentage of sentences addressing the
respective topic.” Posts were assigned to a topic if at least 15 percent of the sentences
addressed paid or unpaid work, or if at least 40 percent addressed romantic relationships. We
determined these thresholds through extensive manual annotation, ensuring sufficient

coverage of each topic within posts.

As a benchmark for the LLM classification and training data set for semi-automated
classification, two researchers and four student assistants (BZG, JH, YH, AS, VR, and MT)
manually annotated 1,854 posts, which were drawn randomly from the two subreddits.
Following Grimmer et al. (2022), we developed the codebook iteratively by defining
constructs and coding guidelines, coding a subset of posts, and refining the rules until no
further adjustments were necessary. We then jointly coded 101 posts to assess intercoder
reliability using Cronbach's alpha, achieving satisfactory values above 0.7 for all variables
(Table B.3-1 in the Appendix).* Finally, different team members independently coded all

remaining posts.

* In the definitions, we use the terms "paid labor" and "household labor", following terminology in the literature
on housework.
* Cronbach’s alpha ranges from 0.79 for the protagonist’s role to 0.99 for the author’s age.
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After removing the handlabelled data, remaining erroneous entries (13 incorrectly formatted
posts that had previously gone unnoticed), deleted authorship entries, duplicates, and
non-English content, we ended up with a dataset of 2,124,285 posts for automated
classification. From this, we took a random sample of 502,000 posts, stratified for the two
subreddits, and automatically classified them. For our analyses, we filtered out posts with
fewer than ten characters and posts from authors outside the age range of 18-69 years. Due to
sparse data in earlier and later years, we restricted our analysis to posts from 2011-2023,

leaving us with 474,944 posts.

For topic modeling, we focused on posts without comments discussing romantic relationships
with the partner or ex-partner as the second protagonist and addressing paid or unpaid work.
This restriction resulted in subsets of 294,715 posts about romantic relationships involving a
partner or ex-partner, including 34,736 posts about paid work and 6,180 posts about unpaid
work (see Appendix A.l for full details). Figure 2 illustrates our methodological pipeline,

covering all steps from data collection through preprocessing to analysis.
- Figure 2 here -

Methods
Classification of Reddit Posts with LLMs

The large amounts of text data in our dataset makes manual coding infeasible. LLMs’ ease of
use lowers technical barriers for researchers with less technical background and promises a
flexible and efficient alternative to traditional text extraction methods. For semi-automated
classification, we applied OpenAIl’s GPT models, a widely used LLM-family for processing
and generating natural language. We decided on models from the GPT-family due to their ease
of use, and because larger general-purpose LLMs have been shown to achieve better
predictive performance on unseen tasks (e.g., Alizadeh et al., 2025; Chae & Davidson, 2025;
Palmer et al., 2023). Moreover, several studies have promisingly applied LLM-based text
classification to Reddit data, relying on models from the GPT-family as well (Corral et al.,
2024; Li et al., 2024; Radwan et al., 2024). We based our prompt formulation on previous
research (e.g., von der Heyde et al., 2025) and OpenAl’s recommendations (OpenAl, n.d.).

The field of divergent LLMs and classification approaches remains fragmented, including a
wide range of models, prompting strategies, fine-tuning approaches, and context window
lengths. While only very few studies systematically compare their effectiveness (Chae &

Davidson, 2025), most existing applications have focused on a single model or strategy.
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Hence, it remains opaque which strategies yield satisfactory results and which will
demonstrate the greatest performance in comparison. The classification of complex, latent
constructs, which are often central to social science research, has proven particularly
challenging with LLMSs (e.g., Stuhler et al., 2025). We therefore tested several approaches for
classification with GPT, varying (1) prompting setups (i.e., number of posts per prompt and
instructions in the main or system message), (2) few-shot prompting (i.e., providing a few
coded examples in the instructions covering a wide range of variable values) versus zero-shot
prompting (giving no examples, (3) inclusion of variable descriptions in the instruction, and
(4) different answer formats (i.e., instructing GPT to code the topic variables as either metric
in line with human annotation, ordinal, or binary). Combining these choices resulted in a total

of 36 distinct approaches (see Table C.1-1 in the Appendix).

Figure 3 shows how we constructed the prompts for each of the approaches. Additionally, we
varied GPT models (03, 40 and 4.1), the number of tokens (i.e., units of text that GPT
processes) used in one query (30,000 vs. 120,000) to evaluate the impact of the context
window length, and fine-tuned vs. non-fine-tuned models (OpenAl, 2025). We fine-tuned
GPT-40 and 4.1 on OpenAl’s platform using a random 60-20-20 split of the manually
annotated data as training, test, and validation sets, three and four epochs, and OpenAl’s
default batch size and learning rate.’ Fine-tuning promises improved performance on the
specific annotation task, as the LLM’s weights get updated as the model learns from the

manually annotated data (e.g., Dodge et al., 2020; Radford et al., 2018).
- Figure 3 here -

We based our evaluation of the LLM’s annotation performance on a sample of 350
human-annotated posts, using a diverse set of accuracy metrics, as each individual metric has
its own strengths and weaknesses (e.g., Hand et al., 2024).° We calculated bootstrapped
confidence intervals for each metric by drawing 10,000 random samples with replacement
from the test data. To test the classification’s reliability, we ran each approach twice for each
GPT model with one context window length (30,000 tokens for GPT 03 and 40 and 120,000
tokens for GPT 4.1) and calculated intercoder reliability with Cohen’s Kappa. We report
model performance based on the average classification results of both runs. To decide on an
approach for fine-tuning 04 and 4.1, we selected the best-performing approach from each base

model across metrics. However, we prioritized metrics performing better on complex variable

5 At the time of writing, OpenAl does not offer the option to also fine-tune GPT-03.
® We evaluated each approach against around 20 percent of our manually annotated data, similar to the validation
set split for the fine-tuned models.
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classification (see Appendix Section C.1 for details on the LLM classification). We then
compared results from all approaches and used the best-performing model to code all posts

from our sample.

Overall, classification performance varied substantially depending on the type of category
labeled, prompt design, context window length, GPT model, and whether models are
fine-tuned or used in their base form (see Figure 4 and Section D.1 in the Appendix).
However, our findings clearly indicate that the LLMs and particularly base models struggle
with the classification of rare latent constructs (unpaid work), when providing several posts
per prompt, and asking for ordinal responses. In contrast, simpler classification tasks
(manifest categories), the classification of more frequently occurring topics (romantic
relationship), shorter context windows, binary or metric response formats, and fine-tuning

substantially improve classification performance.
- Figure 4 here -

From all approaches, GPT-4.1 fine-tuned for three epochs with few-shot prompting and
category descriptions in the main prompt, a single post per prompt, a 30,000 token context
window length, and a metric response format proved to be the most effective overall
configuration. This approach showed strong classification performance on all manifest
variables and in the classification of romantic relationships and paid work. All metrics reach
or exceed 0.80, with at most a single lower confidence interval falling below 0.70 for all
variables except for paid work, with all lower confidence intervals greater than 0.6.
Fine-tuned GPT-4.1 also shows extremely high interrater reliability across two runs. However,
even our strongest model configuration fails to achieve satisfactory performance on the latent
constructs of paid and especially unpaid work. Notably, the latent constructs most challenging
for the LLMs to classify are also those that occur the rarest and for which human annotators
exhibit the lowest reliability. In classifying the remaining posts, we nevertheless instructed the
fine-tuned GPT-4.1 to annotate all categories included in the initial prompt, as omitting

categories could alter predictive accuracy.

Topic models

As the main focus of our analysis lies in how gender impacts the topics discussed in
relationship conflicts around (un)paid work, we further restrict our dataset to posts that cover
romantic relationships and either paid or unpaid work as classified by the LLM. We then used

Structural Topic Models (STMs) to explore the topics in these posts, with separate analysis for

8



the posts on paid and unpaid work. STMs are based on the logic of Latent Dirichlet Allocation
Models (LDA; Blei et al., 2003) to uncover the hidden topic structure in the given documents.
STMs extend LDAs by allowing the incorporation of metadata into the model to improve
topic estimation (Roberts et al., 2016). Specifically, covariate information can be included that
affects the topic prevalence (i.e., a document's proportion devoted to a topic) and the topical
content (i.e., the frequency of words used when discussing a topic). Document-topic
proportions can thus vary as a function of observed covariates rather than arising from a
single prior shared by all documents (Roberts et al., 2016). We included the following
variables from the LLM classification as covariates for topic prevalence: the author's gender
and age; the partner’s gender, age, and role; and the time of posting, measured in quarters
(three month intervals). We adopted a more flexible, nonlinear functional form for the time
variable and estimated it with a spline (Roberts et al., 2019). We estimated the effects of the

covariates using the estimateEffect function, which performs a regression with the topic

proportions as the outcome variable (Roberts et al., 2014).

In STMs, the researcher must specify the number of topics k. Using a data-driven approach,
we assessed £ within the range of 5-20, evaluating metrics such as held-out likelihood,
residuals, and semantic coherence (Roberts et al., 2019). As the focus of model selection is
not on statistical fit, but on achieving substantively relevant results, we additionally reviewed
the top candidate models manually, focusing on interpretability (Grimmer & Stewart, 2013;
Maier et al., 2021). Based on the highest probability (top) words, FREX words (words
weighted by frequency and exclusivity), and a close reading of posts with a high prevalence
of a given topic of models with 10, 12, and 15 topics, we selected 15 topics for paid work and
15 topics for unpaid work (Roberts et al. 2019). Further details on the methodology used for
STMs can be found in Appendix Section C.2.

For our analyses, we created a document-term matrix by preprocessing the data according to
standard procedures, including tokenization, discarding punctuation, URLs, numbers,
separators, and symbols, lowercasing, and filtering out stopwords (Blaheta & Johnson, 2001;
Grimmer et al., 2022; Maier et al., 2021). Collocations were identified and selected based on
their co-occurrence frequency and association strength (e.g., mental health). Subsequently, we
applied stemming and removed terms with extremely high or low frequency. We also deleted
entries in the token list with information on age and gender (e.g., 27f, 28m, nb35) after

filtering out stopwords, as these did not add valuable information to our topic models.
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Findings

Relationship Subreddits on Reddit

Of the 474,944 posts in our cleaned dataset, 62.1% concern romantic relationships with a
current or former partner (hereafter "relationship posts"). From 2011 to 2023, the percentage
of relationship posts out of all posts fluctuated modestly. It rose until early 2013, declined for
several years, then climbed sharply to around 70 percent in early 2023. Within these posts,
11.8 percent discuss paid work, while 2.1 percent discuss unpaid work. While unpaid work
discussions remained rare, their share gradually increased from 2020 onward. Paid work
discussions fluctuated more. They rose until 2017, declined until 2020, and increased again

thereafter.

Some of these dynamics overlapped with the onset of the pandemic. Based on WHO
declarations and U.S. trends, we define the years up to and including 2019 as pre-pandemic,
2020-2022 as pandemic years, and 2023 as post-pandemic (JHU.edu, 2026; WHO, 2026).
Post-pandemic, relationship discussions intensified, while attention to unpaid work began to

rise during the pandemic.

Across all posts, women tend to post more than men, and the disparity is greatest in unpaid
work posts (women post over twice as much as men). Therefore, Reddit users in relationship
subreddits appear to differ from the average Reddit user, the majority of whom are male
(Proferes et al., 2021). Most authors are young, with more than half aged 18-29, although paid
and especially unpaid work posts come from slightly older authors, with a comparatively high
proportion aged between 30 and 39. The age of the person discussed mirrors that of the
authors, while the gender dynamic is reversed: women tend to write about men, and vice
versa, reflecting that most conflicts are discussed within heterosexual relationships. Missing
gender mentions are far less frequent for protagonists than authors (see Appendix Section
D.2.1 for a detailed graphical overview of the trends and Section D.2.2 for changes in the

demographic structure over time).

Gendered Discussions in Relationship Subreddits Over Time

Paid Work

To understand and label the topics discussed in relationship discourses on Reddit in the
context of paid and unpaid work, we examined the top words, FREX words, and most typical
posts for each topic (Roberts et al., 2019). Table 1 presents the topics for conversations related

to paid work, ordered by expected topic proportions over all documents. The most prevalent
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topic is "career and mobility choices" (11.6%). Here, for example, the top and FREX words
include “career”, “futur”, “graduat”, and “abroad”. The top posts often include discussions on
future career plans, tension between work and family, issues in long-distance relationships,
and decisions about relocation for work. "Mental health issues" appear with a similar
frequency (11.3%), with posts describing relationship strains linked to mental or physical
illnesses experienced by oneself or one's partner and how work contributes to, exacerbates, or
is affected by these circumstances. Other commonly discussed topics include ‘“mistrust,
jealousy, and insecurity” (9.7%), for instance with regard to coworkers or when both partners
share the same workplace, “work and relationship time conflicts” (8.2%), e.g., leisure
activities and time management affected by work, and “values, attitudes, appreciation, and
boundaries” (8.1%), particularly regarding the separation of professional and private life.
Additional topics include “internet and phone communication” (7.9%), the top post of which

contains discussion about the (lack of) communication during and outside working hours,

“finances and expenses” (7.4%), and “misaligned work schedules and daily routines” (6.8%).

Table 1: Paid labor topics ordered by average topic proportion

Topic Title Top Words FREX Words Average expected
topic proportion
across documents

1 Career and mobility  career, futur, school, graduat, career, 11.6%
choices citi, find, current, abroad, visa,
colleg, countri, countri, degre,
graduat, stay program, internship,
opportun, futur
2 Mental health issues  depress, stress, depress, anxieti, 11.3%
better, support, mental health,
break, bad, hard, mental, therapi,
emot, everyth, therapist, suffer,
problem cope, pain, medic
3 Mistrust, jealousy, guy, girl, girlfriend, cowork, girl, flirt,  9.7%
and insecurity cowork, date, gf, ex, jealous, femal, guy,
met, peopl, hang crush, co-work,

male, insecur

4 Work and plan, hour, trip, weekend, 8.2%
relationship time weekend, spend, birthday, saturday,
conflict trip, away, friday, cancel, flight,
girlfriend, night, sunday, holiday,
date, visit summer
5 Values, attitudes, partner, person, issu, partner, valu, 8.1%
appreciation, and peopl, convers, boundari, topic,
boundaries understand, share, profession, express,

seem, howeyv, situat
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regard, intellig,
view, dynam

6 Internet and phone text, call, phone, text, repli, messag, 7.9%
communication messag, went, respond, phone,
convers, later, send, send, chat, delet,
repli, answer sent, answer
7 Finances and money, pay, financi, debt, payment, loan, 7.4%
expenses save, bill, rent, car,  bill, pay, paycheck,
paid, buy, expens expens, credit _card,
money, rent
8 Misaligned work sleep, hous, clean, wake, dog, kitchen, 6.8%
schedules and daily  bed, night, hour, wash, dish,
routines dog, leav, around, breakfast, clean,
morn nap, bed, sleep
9 Cheating, lying, lie, found, cheat, ex, lie, affair, forgiv, 5.4%
separations, and went, leav, left, john, polic, truth,
ex-partners trust, came, happen  betray, proof,
caught, discov
10 Partners® leisure spend, play, hour, game, hobbi, play, 5.0%
time activities game, watch, video gam, chore,
sometim, around, free tim,
full tim, chore, play video gam,
hobbi playing video gam,
lazi, play gam
11 Sex, desire, and sex, anymor, sexual, sex, intimaci, intim, 5.0%
intimacy attract, seem, great, weight, sexual,
initi, interest, chang, sex driv, affection,
physic attract, libido, spark
12 Extended family famili, parent, mom, brother, sister, dad, 4.4%
issues dad, hous, gf, mom, parent, sibl,
mother, sister, mum, mother,
brother, stay cousin, uncl
13 Physical appearance fuck, look, drink, smoke, weed, wear, 3.6%
and lifestyle habits ~ smoke, use, shit, drug, jack, hair,
wear, peopl, weed, shirt, tattoo, model,
drug dress
14 Family formation, wife, kid, babi, wife, kid, daughter, 3.4%
parenting, and marri, son, child, daycar, son, babi,
marriage daughter, marriag, child, custodi,
divorc, children children, born
15 (Married) partner’s  husband, marri, husband, tom, gt, 2.2%
job compani, new, wed, spous, wed,

busi, boss, marriag,
manag, fianc

husband’, jame,
hubbi, h, hire

By estimating correlations between topic proportions, the STM reveals which topics are likely

to co-occur in posts, thereby deepening our understanding of their interrelations (Roberts et al.

2016, 2019; see Figure D.3-1 in the Appendix). For instance, “internet and phone

12



communication” appear together with “mistrust, jealousy, and insecurity” as well as
“cheating, lying, separations, and ex-partners”, while “partner’s leisure time activities”
co-occur with “misaligned work schedules and daily routines”, and “family formation,
parenting, and marriage” with “(married) partner’s job”. Conversely, “mental health issues”

are negatively correlated with “mistrust, jealousy, and insecurity”.

To compare topic prevalences between men and women, we examine a first difference
estimate, which contrasts the topic proportions of the two groups. Figure 5 shows the
differences in topic proportions when changing between men and women (Roberts et al.,
2019). Differences are generally minor, i.e., men and women discuss most topics with similar
frequency. The most pronounced discrepancies pertain to “mental health issues”, which
women discuss with greater frequency. Conversely, men engage in discourse on “career and
mobility choices” significantly more frequently. These patterns reflect traditional gender
norms. Men focus on career-related issues, while women focus on interpersonal topics (Davis
& Greenstein, 2009). Notably, these topics tend to be discussed more frequently by younger
users (see Figure D.3-2 in the Appendix). These findings might suggest that traditional gender

norms persist or even reemerge among the younger generation of Reddit users.

Figure 6 illustrates the prevalence of topics over time as a smooth function of yearly quarters,
emphasizing the onset and end of the Covid-19 pandemic. Crisis-related shifts are visible
across almost all topics, indicating that external shocks influenced the discourse surrounding
paid work in romantic relationships. Some topics appear to have been temporarily replaced by
others. For instance, discussions about relationship strain related to “mental health issues”
increased noticeably at the beginning of the pandemic, while topics such as “mistrust,
jealousy and insecurity” and “work- and relationship-time conflict” decreased. However, by
the end of the pandemic, these topics had largely returned to pre-pandemic levels, suggesting
short-term crisis effects. Discussions about “career and mobility choices” have decreased
steadily, slightly intensified by the pandemic, but recently rose again. This pattern may be
linked to the recent withdrawal of many home office regulations and their impact on private
life. “Internet and phone communication” have become increasingly important, especially
during the pandemic, reflecting general digitalization trends and their impact on relationship

conflicts surrounding paid work.

Unpaid work
Regarding relationship discussions related to unpaid work, “arguments” are the most

frequently discussed topic (10.1%), i.e., posts about disputes, conflicts, and arguing behavior.
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9% ¢

Top and FREX words include “yell”, “apolog”, “scream”, and “upset” (see Figure 7 and Table
D.3-1 in the Appendix). This topic is closely followed by discussions about “(mental) health
issues” (9.4%), “cleaning and laundry” (9.3%), and “division of household tasks” (9.1%). In
most cases, there is a clear reference to the overarching topic of unpaid work, indicating that
the LLM classification worked, despite not sufficing our performance criteria. For example,
discussions about health issues include problems with one's own mental or physical health or
that of one's partner, which entail restrictions in terms of household work. These discussions
are followed by concerns about “division of labor, exhaustion, and fatigue” (8.3%), which
mainly concern being proactive, laziness related to house- and care work, and
exhaustion/tiredness from work and housework, and, slightly less frequently, ‘“sexual
intimacy” (7.6%), including conflicts around lack of sexual activity, mismatched sexual
needs, feelings of (un)attraction, or feeling unloved, often linked to unequal divisions of work,
“childcare and pregnancy” (7.5%), and “finances and expenses” (7.4%). Topic correlations
indicate the strongest positive correlation between “childcare and pregnancy” and “(extended)
family conflicts”, whereas “arguments” appear less likely with “division of household tasks”

and “finances and expenses” (see Figure D.3-3 in the Appendix).

Similarly to paid work, men and women talk about these topics in the context of unpaid work
with the same frequency (see Figure 7). This finding somewhat contradicts the expectation
that women talk more about, e.g., the division of household tasks. Only “sexual intimacy” is
discussed significantly more often by men. The stronger presence of sexual intimacy among
men’s posts is consistent with previous research on gender stereotypes, which suggests that
behaviours associated with a high level of sexual activity are more expected and viewed more
positively in men than in women (Endendijk et al., 2020). Finally, looking at changes over
time, times of crisis are also linked to shifts in the topics discussed, with some themes
appearing to gain and others to lose importance (see Figure D.3-4 in the Appendix). However,
most of the changes observed are statistically uncertain because confidence intervals for mean

topic proportions substantially overlap.

Discussion

In this study, we use LLMs to extract demographic and content-related information of Reddit
posts, before applying STMs to examine which topics women and men discuss in relationship
conflicts around paid and unpaid work over time. To this end, we construct a unique dataset

from two Reddit relationship communities, r/relationships and r/relationship _advice, which
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combines rich descriptions of intimate relationship conflicts with demographic information
about the partners involved. Current survey-based research is often constrained by predefined
categories and underrepresents emotionally charged or stigmatized experiences. By contrast,
social media data typically does not provide any sociodemographic information. Our dataset

thus offers a combination rarely available in either survey or social-media research.

Our analysis identified 15 topics in discussions about relationship conflicts surrounding paid
and unpaid work. In paid work contexts, the most prevalent topics are "career and mobility
choices", "mental health issues", "mistrust, jealousy, and insecurity", and "work and
relationship time conflicts". While men and women discuss most of these topics with similar
frequency, there are significant gender differences aligned with traditional gender norms. Men
emphasize professional issues, including career objectives, more often, while women focus
more on interpersonal issues, such as mental health. In discussions about relationship
problems related to unpaid work, "arguments" emerged as the most frequently discussed
topic, followed by "mental health issues", "cleaning and laundry", and "division of household
tasks". Correlations between topic prevalence offer additional insights. For instance,
relationship conflicts around (lacking) internet and phone communication during or outside
working hours are often discussed in conjunction with conflicts relating to (mis)trust, cheating
and lying, and highlight the role of social media or smartphone communication in relationship
quality. Additionally, in unpaid work discussions, “arguments” appear less often with
“finances and expenses” and the “division of household tasks”, which one might assume to be
central issues. As in paid work contexts, men and women discuss topics with equal frequency,
except for "sexual intimacy," which was significantly more common among men.
Pandemic-related shifts in topic prevalence are visible across almost all topics for both paid
and unpaid work. This pattern underpins the validity of our findings and is consistent with
research findings that point to a return to more traditional gender roles during the pandemic
(e.g., Huebener et al., 2024; Zoch et al., 2021), suggesting that times of crisis reshape
relationship dynamics. During the pandemic, certain topics were overshadowed by others,
with most changes being only temporary. However, most changes in discussions of unpaid
work were not statistically significant. Moreover, most pandemic-related changes in unpaid
work discussions occurred with a delay, possibly because changes in this area unfold more

slowly.

Research on gender inequalities typically centers on the unequal distribution of paid and

unpaid work, perceived fairness, and, for example, its impact on health and relationship
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quality (e.g., Ervin et al., 2024; Waddell et al., 2021; Zoch et al., 2021). Rather than
measuring how labor is divided, our analysis maps which work-related tensions partners
foreground in conflict, adding relational texture that surveys with predefined categories tend
to miss. Our findings underscore the important role of (mental) health, which can be affected
by work and can also affect it, leading to tension within relationships. Here, the mental health
of the partner often seems to play a decisive role - a bidirectional, dyadic link rarely captured
in surveys that treat respondents’ wellbeing as an individual outcome. Unlike discussions
about paid work, those about unpaid work tend to focus more on the division of tasks itself,
which is consistent with the slow progress toward equality in this area. Nevertheless,
somewhat unexpectedly, women do not discuss topics related to task division more often than
men, although they do participate more often in discussions about unpaid work in general.
Furthermore, conflicts surrounding unpaid work seem to extend beyond the mere division of
tasks and their perceived fairness. Frequent discussions about “arguments” suggest that
household work is a complex source of relationship tension and a black box that remains

under-explored in current research.

Beyond our substantive findings on drivers of relationship conflicts around (un)paid work, we
also contribute to the growing literature on the capabilities and limitations of LLMs for
classifying social science constructs by contrasting performance on complex latent constructs
with that on simpler, manifest ones. Our study shows that LLMs can be a valuable tool for
classifying online content, particularly in datasets that exceed feasible human coding capacity.
Consistent with prior recommendations (e.g., Chae & Davidson, 2025), researchers should
systematically vary model choice and prompt design, including response formats, the
provision of category descriptions, context window length, and few-shot versus zero-shot

prompting, to identify the configuration that yields the strongest classification performance.

In our study, performance varies substantially across prompting strategies, depending on both
the construct being classified and the specific GPT model used. Overall, GPT-family LLMs
perform best when classifying simpler, manifest constructs and more frequently occurring
latent topics, such as romantic relationships, particularly when shorter context windows are
used, when response formats are binary or metric rather than ordinal, and when models are
fine-tuned. By contrast, the LLMs struggle to classify infrequently occurring latent topics for
which human annotators exhibit the lowest reliability as well, such as unpaid work,
particularly in ordinal response formats, and when asked to classify multiple posts within a

single prompt.
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Using Reddit data to investigate gender disparities in relationship conflicts constitutes both a
key strength and an important limitation of this study, rooted in the nature of the data source
and the ethical considerations involved. The most fundamental limitation concerns the lack of
generalizability and potential selection bias inherent in Reddit data. Reddit users represent a
specific subpopulation, typically younger, more male, and predominantly based in the United
States (Proferes et al., 2021; Reddit, 2025). In the two subreddits examined in this study, the
predominance of English-language posts may also constitute a barrier for non-native speakers,
even though users from around the world can, in principle, participate. Consequently, the
findings cannot be generalized to the broader population. The gradual change in the
composition of Reddit’s user base over time, i.e., what Salganik (2017) terms population drift,
complicates comparisons of topic prevalence across time. This issue is further exacerbated by
evidence from Veselovsky and Anderson (2023), who show that Reddit gained new users
during the COVID-19 pandemic who differ systematically from earlier cohorts in their usage

patterns and interests.

Another limitation stems from the reliance on self-reported information in posts. Although
Reddit's community rules require users to provide demographic information such as age and
gender, these self-reports cannot be verified. Given the platform's anonymity, there is always a
risk of trolling, exaggeration, or fictional storytelling. The reported relationship conflicts also
reflect only one side of the interaction. The posts’ authors present their subjective perspective
and interpretation of a situation but we do not have access to their partners' perspectives.
These factors may introduce noise into the dataset and must be considered when interpreting
the results. Users who post in subreddits such as r/relationship advice are also likely to do so
during periods of conflict or crisis. The study thus captures discourses of relationship strain,
rather than everyday experiences and more stable patterns of work-family organization. Even
though users write about conflicts as they unfold, they also sometimes include experiences
that happened across a longer period of time. We therefore cannot rule out some recall bias in

how the users present past experiences.

Using social media data further raises ethical concerns as Reddit users are potentially unaware
that the sensitive information they provide in the posts may be used for research purposes
(Gliniecka, 2023; Proferes et al., 2021; Salganik, 2017). In this study, we take steps to
mitigate the risk of deanonymization, including reporting only aggregate measures such as

topic proportions and refraining from sharing usernames or reproducing posts verbatim.
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Beyond the choice of data, our study also comes with several methodological limitations. The
comparatively low predictive performance for unpaid work constitutes an important limitation
for our subsequent analyses. The prevalence of specific topics cannot be determined prior to
manual annotation and classification and researchers cannot anticipate which constructs may
occur only rarely and therefore prove especially challenging for the LLM classification.
Accordingly, substantive conclusions regarding housework-related conflicts derived from
these classifications should be interpreted with caution. Additionally, we examine only a
subset of GPT-family models, as larger, general-purpose LLMs have been shown to achieve
stronger predictive performance on unseen tasks (e.g., Alizadeh et al., 2025; Chae &
Davidson, 2025; Palmer et al., 2023). However, using OpenAl’s proprietary, closed-source
models is costly and yields issues regarding the findings’ transparency and replicability.
Future research should therefore assess the extent to which open-source LLMs and alternative
machine learning classifiers can match or exceed the performance of closed-source LLMs in
the classification of latent social science constructs. Finally, the STM serves as an exploratory
tool capturing broad thematic structures. In the next step, future research should examine

specific topics, such as “arguments” or discussions about mental health, in greater depth.

Overall, this study offers new, exploratory insights into gendered patterns in relationship
conflicts around paid and unpaid work. By combining demographic information with highly
sensitive narratives, such as partners’ mental health, our dataset provides information rarely
available in either survey or social-media research. Men and women discuss most relationship
conflict topics with similar frequency. However, the differences that do emerge in topic
prevalence are consistent with traditional gender stereotypes, despite Reddit’s relatively
young user demographic. The data’s high temporal granularity allowed us to trace how crises
shaped relationship problems concerning paid and unpaid work, mostly as short-term effects,
and which issues gained or lost significance over time. These data also offer great potential
for further analyses, for instance, on hard-to-reach populations and intimate relationship
conflicts, such as same sex couple conflicts and parent-children-conflicts. Methodologically,
our findings also provide practical insights into LLMs’ capabilities and limitations in
classifying complex social science constructs in social media data. Most notably, we show
that LLMs excel at classifying manifest variables, such as age and gender, but struggle with

the classification of rare, latent constructs, such as discussions of unpaid work in Reddit posts.
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My (27F) partner (30M) assumes | should
handle all housework because he pays more.
How do | push back?

We both have demanding full-time jobs, but he earns significantly more, so
he covers most of the rent while  handle smaller bills. Lately, he’s started
acting like that financial gap means | owe him domestic work.

He rarely helps with cleaning, says it “makes sense” for me to take care of

the apartmentsince he’s the primary earner. I’'m constantly tidying up
after both of us while he relaxes, and when | bring it up, he says | should

contribute more financially if | want things to be “equal.”

I’m exhausted and frustrated. Does a bigger paycheckjustify opting out of
shared responsibilitiesat home?

Figure 1: Exemplary Reddit post. Synthetic illustration based on r/relationship_advice
(2025) and text created with the help of GPT.
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1. Data Collection

Reddit
Pushshift

r/relationships &
r/relationship_advice
(2009-2024)

Exclusion: incorrectly
formatted & empty
posts

-

/

n = 2,351,608

2. Preprocessing

[ 4 \

Coding Scheme Manual LLM Selection LLM Structural

Development annotation & Validation Annotation Topic Models
Manifest variables: Random sample of posts Variations: Using best performing Filtering:
[Author Age] 1.Number of posts approach of fine-tuned Posts on romantic
[Author Gender] 6 human annotators per prompt GPT-4.1 relationships AND paid
[Partner Agel 2.Instructions in main OR unpaid work (2011-
[Partner Gender] Partially double coded vs. system prompt Random sample of 2023)

[Partner Role]

Latent variables:
[Romantic relationship]

(Cronbach’s a >0.7)

3.Zero-shot vs. few-
shot

4.Category
descriptions

posts stratified per
subreddit & removing:
* Remaining
incorrectly
formatted posts

Text preprocessing (e.g.,
stemming & stopword
filtering)

[Paid \{vork] 5.Answer format . Separate STMs:
[Unpaid work] 6.GPT 03 vs. 40 vs. 4.1 * Deleted authorship « Posts on paid work
7.Context window entries (15 topics)
length * Duplicates + Posts on unpaid
8.Base vs. fine-tuned * Non-English content work (15 topics)
model with random
60-20-20 split Covariates for topic
prevalence:
Evaluation e Author age & gender
against manual e Partnerrole, age &
annotation gender
K / ¢ Time of posting
n=1.854 n=1_854 n=502,000 n=34,736
(paid work)
n=6,180

(unpaid work)

Figure 2: Workflow for collecting, preprocessing, and analyzing Reddit posts on romantic relationships, paid and unpaid work.

Note. Overview of the study workflow, including data collection (blue), preprocessing (orange: human annotation; green: large language model
[LLM] annotation), and analysis (pink). N shown beneath each stage represents the number of posts included in that phase of the workflow. Data
were collected from Pushshift and include posts from the subreddits r/relationships and r/relationship advice (2009-2024), downloaded in
August and September 2024.
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System prompt:

You will be provided with posts from the social media platform Reddit. You are an expert in
classifying the content of the posts.

Prompt:
Classify the following categories for each Reddit post:

AUTHOR'S AGE: [Description],

AUTHOR'S GENDER: [Description],

SECOND PROTAGONIST'S ROLE: [Description],

SECOND PROTAGONIST'S AGE: [Description],

SECOND PROTAGONIST'S GENDER: [Description],

WHETHER/TO WHAT EXTENT THE POST IS ABOUT PAID LABOR: [Description],
WHETHER/TO WHAT EXTENT THE POST IS ABOUT HOUSEHOLD LABOR:
[Description],

WHETHER/TO WHAT EXTENT THE POST IS ABOUT ROMANTIC
RELATIONSHIP: [Description]

General coding rules: Return a response in the following format: "Message {NR}: Agel;
Genderl; Role2; Age2; Gender2; Paid labor; Household labor; Romantic relationship".
Respond NA in case of missing information for that category or respond NA for each
category if a post is in a language other than English. Do not respond anything other than the
string with the given format to each message. Respond separately for each message and
separate messages with new line symbols.

"

Example 1: Message 1: "...", Response: "Message 1: 21; f; husband; 21; m; yes; yes; yes"
...", Response: "Message 2: 23; m; wife; 22; f; no; yes; yes"")
...", Response: "Message 3: 24; f; boyfriend; 28; m; yes; no; yes"")

...", Response: "Message 4: 25; m; partner; 21; f; no; yes; yes"")

"

Example 2: Message 2:

n

Example 3: Message 3:

n

Example 4: Message 4:

n

Example 5: Message 5: "...", Response: "Message 5: 25; f; boyfriend; 32; m; yes; yes; yes")
...", Response: "Message 6: NA; NA; ex; NA; m; no; no; yes"')
Example 7: Message 7: "...", Response: "Message 7: NA; f; NA p; NA p; NA p; no; no;

yes")

n

Example 6: Message 6:

Figure 3: Example prompt for GPT’s classification of Reddit posts from

r/relationship advice and r/relationship.

Note: The prompt varied in whether category descriptions (blue) and examples (green) were
included, as well as in the number of posts (pink) shown following the instructions. The
requested answer format for the topic categories differed by approach: binary (yes/no), ordinal
(“not at all,” “slightly,” “moderately,” “strongly”), or metric (0—100 scale). For full details on
all variations of category descriptions and examples, see Online Appendix Section C.1.
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Model  Instructions Prompting Posts per Category Response
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Figure 4. Heatmap of the (Macro) F1 showing the predictive performance of each prompting approach per model and category

Note: Each cell reports the F1 score (binary classification) and Macro F1 score (multiclass classification) for OpenAl models GPT-4.1, 40, and
03. Darker green shades indicate stronger predictive performance (F1 > 0.7), whereas darker red shades indicate weaker performance (F1 <0.7).
Columns represent the GPT models within each category, and rows correspond to prompting strategies. We ran each approach using context
window lengths of 30,000 and 120,000 tokens. As predictive performance was nearly identical across context window sizes, we report the
slightly better result for each model (30,000 tokens for GPT-4.1 and 03, and 120,000 tokens for 40). To test the classification’s reliability, we ran
each approach twice for each GPT model, with one context window length (30,000 tokens for GPT 03 and 40 and 120,000 tokens for GPT 4.1)

and calculated intercoder reliability with Cohen’s kappa. Where two runs were available, we report the mean scores across both runs.
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Figure 5: Structural Topic Model results showing the contrast of topical prevalence by gender for the top 15 topics in posts about paid
work conflicts in romantic relationships

Note: Structural Topic Models with k=15 topics on the y-axis, ordered from most to least frequent and using age and gender of the author and
partner, marital status to the partner, and time as covariates for topic prevalence. Confidence intervals are shown for the estimated differences in
topic prevalence between men (negative values) and women (positive values) on the x-axis, indicating whether one gender discusses a given
topic significantly more frequently than the other.
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Figure 6. Expected topic proportion (y-axis) over time (x-axis) for topics occurring in conflicts about paid work in romantic relationships.
Note: Structural Topic Models with k=15 topics, using age and gender of the author and partner, marital status to the partner, and time as covariates
for topic prevalence. The vertical lines indicate the time periods before, during, and after the COVID-19 pandemic.
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Figure 7. Structural Topic Model results showing the contrast of topical prevalence by gender for the top 15 topics in posts about unpaid
work conflicts in romantic relationships

Note: Structural Topic Models with k=15 topics on the y-axis, ordered from most to least frequent, and using age and gender of the author and
partner, marital status to the partner, and time as covariates for topic prevalence. Confidence intervals are shown for the estimated differences in
topic prevalence between men (negative values) and women (positive values) on the x-axis, indicating whether one gender discusses a given topic
significantly more frequently than the other.
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A Data
A.1 Sample

We collected Reddit data from the two subreddits r/relationships and r/relationship advice
covering the period 2009 to 2024. We obtained the data using publicly available torrent files
compiled by Pushshift and u/raiderbdev, hosted on academictorrents.com (Baumgartner et al.,
2020; Watchfull, 2025). These files contain comprehensive archives of Reddit content. After
removing empty entries, our dataset comprised a total of 2,351,608 posts: 791,051 from

r/relationships and 1,560,557 from r/relationship advice.

From this dataset, we randomly sampled 1,854 posts for manual annotation, preserving the
proportional distribution of posts across both subreddits. The remaining 2,349,754 posts were
set aside for automated classification. During preprocessing, we removed: (a) 13 invalid
entries remaining in the dataset; (b) all posts by accounts later deleted (214,743 cases); and (c)
duplicates identified based on identical full text (title + text), which accounted for 7,835 cases
plus another 16 duplicates overlapping with the manually annotated data. After these steps,
we retained a total of 2,124,705 posts. Next, we filtered out non-English content using
Google's Compact Language Detector 2 package. This step removed another 420 posts from

the dataset. The resulting dataset contained 2,124,285 posts.

For automated classification using GPT-4.1, we drew random samples while preserving the
observed distribution between the two subreddits (relationship_advice: ~68.5%; relationships:

~31.5%). In total, 502,000 posts were classified automatically.

To construct our analysis dataset, we combined the manually annotated data (excluding two
non-English cases that were retained during annotation to train GPT on handling missing

values) with the GPT-classified data. This approach resulted in 503,852 coded posts.

We then applied final restrictions to refine our analysis data set. We excluded all entries where
(a) title + text combined had fewer than ten characters (1 case) or (b) the author’s reported age
fell outside 18—69 years (26,527 cases), in line with our focus on working-age individuals and
labor dynamics in romantic relationships. We also limited the dataset to 2011-2023, excluding
earlier years due to sparse posting activity (2009: 202 posts; 2010: 2,162 posts) and 2024 due
to minimal data (9 posts). To address duplicate content resulting from post edits (e.g., when
users updated their original posts), we checked for duplicates after removing any added "edit"

sections and comparing the remaining text parts. Seven such duplicates were identified; in



each case we retained only the edited version. This refinement process resulted in a final

dataset of 474,944 posts for analysis.

For our topic modeling, we applied additional thematic filters. We retained only posts that: (a)
centered around romantic relationships (where at least 40% of the sentences discuss this
theme), (b) featured a partner or ex-partner as the main protagonist, and (c) included
discussion of either paid labor (>15% of sentences) or household labor (>15%). Out of our
analysis data set, 294,715 posts met the criteria for romantic relationships involving a partner
or ex-partner. Among these, 34,736 further addressed paid labor, while only 6,180 discussed
household labor.

A.2 Data preparation

The automated classification of data contained some erroneous classifications, such as
incorrect coding of gender or unreasonable numbers for the share of sentences related to
household labor. These cases were rare, however, and made it possible to manually check and

correct the classifications.



B Coding scheme

B.1 Overview

Table B.1-1: Variables to be extracted from r/relationship advice and r/relationships

Variable Content Type Range/Levels Missings
Simple/manifest variables
agel age of author metric  0-116 NA (not available); NA 1 (text is
not in English)
gender I  gender of author nominal f (female); m (male); mtf (male to female); NA (not available); NA 1 (text is
ftm (femalte to male); trans; non-binary; mf not in English)
(m/f or f/m); other
role2 role of protagonist nominal Open answer OR partner/ex-partner (when NA p  (more  than  one
talking about someone with whom one protagonist), NA (not available),
has/had a romantic relationship without NA I (text is not in English)
naming that person)
age?2 age of protagonist metric  0-116 NA (not available); NA 1 (text is
not in English); NA p (more
than one protagonist)
gender2  gender of protagonist nominal f (female); m (male); mtf (male to female); NA (not available); NA 1 (text is

ftm (femalte to male); trans; non-binary; mf
(m/f or f/m); other

not in English); NA p (more
than one protagonist)

Complex/latent variables (topics)

hh labor share of the post sentences that is metric
concerned with household labor

paid labor share of the post sentences that is metric
concerned with paid labor

rom rel  share of the post sentences that is metric
concerned with romantic relationship

0-100 (rounded in steps of 5)
0-100 (rounded in steps of 5)

0-100 (rounded in steps of 5)

NA I (text is not in English)
NA_1 (text is not in English)

NA_1 (text is not in English)




B.2 Topic definitions

Paid labor: We define paid labor (synonyms paid work, employment, work in the formal
market economy, participation in work/labor force, paid work outside home, market work) as
any work for pay. Working for pay can be done by having a job and earning a salary, or by
earning as a self-employed with one's own business. We code paid labor if a post mentions
everything related paid labor and labor market activities, including experiences, situations and
interactions during and in the context of work. We code paid labor as a continuum indicating

the share of the post sentences that is concerned with paid labor.

Household labor: We define household labor (synonyms family work, housework, domestic
work) as “unpaid work done to maintain family members and/or home” (Shelton & John,
1996, p. 300). Various types of cognitive labor, falling under the category of non-physical or
"invisible" types of work, such as anticipating basic household and/or family needs,
household management, or decision-making fall under this definition (Daminger, 2019;
Shelton & John, 1996). Examples for housework tasks include routine housework tasks such
as cooking, cleaning, and shopping and intermittent or occasional housework tasks such as
home repairs, gardening, and paying bills (Coltrane, 2000; Lachance-Grzela & Bouchard,
2010). We also include childcare tasks in our definition. We code unpaid labor as a continuum

indicating the share of the post sentences that is concerned with household labor.

Romantic relationship: We define romantic relationships as “mutually acknowledged ongoing
voluntary interactions”, which “typically have a distinctive intensity, commonly marked by
expressions of affection and current or anticipated sexual behavior” (Collins et al., 2009, p.
632). In our definition, romantic relationships must have three common features: passion,
intimacy and commitment (Connolly & Mclsaac, 2013, p. 181; Sternberg, 1986). Forms of
romantic relationships in this definition include marital relationships, coresidential
relationships such as cohabitation relationships, part-time cohabitation or stayover
relationships (in between dating and cohabitation), living-together-apart relationships
(ex-partners living together), and dating, at least if it has been going on for some time (e.g., a
month) (Furman & Hand, 2015; Tillman et al., 2019). Sexual activity can be part of romantic
relationships. We do not include sexual relationships that occur outside of the dating context
or outside of committed relationships, even if they are permanent sexual relationships
(Wentland & Reissing, 2011, p. 75). As romantic relationships have to be mutually
acknowledged, we also do not code unilateral crushes or desires for a relationship with

another person as romantic relationships. We code past and current romantic relationships as a
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continuum. We code everything concerning a romantic relationship as such (e.g., everyday

life problems), regardless of who is involved (e.g., not the author).

B.3 Intercoder reliability
Table B.1-2: Cronbach's alpha of 101 human-labelled posts

Variable IRR Variable IRR
Author age 0.994 Household labor (metric) 0.932
Author gender 0.928 Paid labor (metric) 0.845
Protagonist age 0.982 Romantic relationship (metric) 0.877
Protagonist gender 0.907 All variables 0.917
Protagonist role 0.791




C Methods

C.1 Classification approaches

Studying social inequalities using social media data, like Reddit, offers promising new
opportunities but requires classification of large amounts of text data. Given the data volume
(2.3M posts), manual coding is impossible, making automated or semi-automated coding
necessary. Common approaches include dictionary-based methods, which are easy to
implement but often lack precision. Although supervised classification methods (e.g., Naive
Bayes Classifiers, Support Vector Machines, and tree-based methods) generally deliver results
with high accuracy, these approaches are very costly in terms of monetary, time, and
computational resources due to the extensive pre-processing required and the large amounts
of manually annotated training data needed (Grimmer et al., 2022; Haensch et al., 2022; von
der Heyde et al., 2025). By offering simple and more cost-effective classification options,
LLMs promise to provide a flexible and efficient alternative (Chae & Davidson, 2025;
Davidson, 2024; Tornberg, 2024). Within social media research, scholars have frequently
applied LLMs to stance and sentiment detection (e.g., Chae & Davidson, 2025; Gilardi et al.,
2023), to classify hateful content (e.g., Li et al., 2024), mental health disorders (e.g., Radwan
et al., 2024), politicians’ political affiliation (Térnberg, 2024), and hypocrisy accusations
(Corral et al., 2024). The large majority of these studies work with LLMs from the GPT-
followed by the LlaMa-family (Chae & Davidson, 2025; Corral et al., 2024; Gilardi et al.,
2023; Li et al., 2024; Radwan et al., 2024; Tornberg, 2024). While most existing work has
focused on Twitter/X (e.g., Gilardi et al., 2023; Toérnberg, 2024) and Facebook (e.g., Chae &
Davidson, 2025), several studies have also promisingly applied LLM-based text classification

to Reddit data (Corral et al., 2024; Li et al., 2024; Radwan et al., 2024).

LLMs’ ease of use lowers technical barriers for researchers with less technical background.
Yet, the field of divergent models and approaches remains fragmented, including a wide range
of models, prompting strategies, fine-tuning approaches, and context window lengths. While
only very few studies systematically compare their effectiveness (e.g., Chae & Davidson,
2025), most existing applications have focused on a single model or strategy. Hence, it
remains opaque which strategies yield satisfactory results and which will demonstrate the
greatest performance in comparison. Lastly, while manifest constructs are easier for LLMs to
classify, the classification of complex, latent constructs, which are often central to social
science research, has proven particularly challenging with LLMs (e.g., Fan et al., 2024;
Stuhler et al., 2025). We therefore tested several approaches for classification with GPT,



varying four key dimensions in our prompting strategy. First, we tested different prompting
setups, including (a) instructions with one post per query, (b) instructions with multiple posts
per query, and (c) instructions placed in the system message, while the prompt contained
multiple posts. Second, we compared prompting approaches, using either (a) few-shot
prompting, giving a few coded examples covering a wide range of variable values, or (b)
zero-shot prompting, giving no examples. Third, we varied whether a category description
was included or not, i.e., whether GPT received our definitions and coding rules, including the
levels of the codebook, or not. Fourth, we tested different answer formats, instructing GPT to
code the topic variables as either metric (in line with human annotation), ordinal, or binary.

Combining these choices resulted in a total of 36 distinct approaches (see Table C.1-1).

Additionally, we varied GPT models (03, 40 and 4.1), the number of tokens (i.e., units of text
that GPT processes) used in one query (30,000 vs. 120,000) to evaluate the impact of the
context window length, and fine-tuned vs. non-fine-tuned models (OpenAl, 2025). We
fine-tuned GPT-40 and 4.1 on OpenAl’s platform using a random 60-20-20 split of the
manually annotated data as training, test, and validation sets, three and four epochs, and
OpenAl’s default batch size and learning rate. Fine-tuning promises improved performance on
the specific annotation task, as the LLM’s weights get updated as the model learns from the
manually annotated data (Dodge et al., 2020; Radford et al., 2018). For GPT-4.1 and -40, and
all prompting approaches, we set a seed and used a temperature of 0 to lead to more
deterministic annotations and reduce variability. For GPT-03, the temperature is automatically

set to 1 and cannot be changed by the researchers.

We based our evaluation of the LLM’s annotation performance on a sample of 350
human-annotated posts, using a diverse set of accuracy metrics, as each individual metric has
its own strengths and weaknesses (e.g., Hand et al., 2024). For nominal, ordinal, and metric
variables, we calculated Accuracy, Macro F1, Cohen’s Kappa, and Matthews Correlation
Coefficient (MCC). For our binary variables, we additionally calculated Balanced Accuracy,
Sensitivity, Specificity, Precision, Recall, and F1 Score. We calculated bootstrapped
confidence intervals for each metric by drawing 10,000 random samples with replacement
from the test data. To test the classification’s reliability, we ran each approach twice for each
GPT model with one context window length (30,000 tokens for GPT 03 and 40 and 120,000
tokens for GPT 4.1) and calculated intercoder reliability with Cohen’s Kappa.

To decide on an approach for fine-tuning, we first defined criteria for “satisfactory”

performance for the non-fine-tuned models. Since they performed differently, we distinguish
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between the manifest, simple to classify variables and complex variables entailing latent
constructs. For manifest variables, satisfactory performance requires that no more than one
metric falls below 0.7 (including lower confidence intervals). For complex variables,
predictive accuracy was overall lower, leading to a threshold of 0.6 to be considered for

fine-tuning. Reliability values above 0.7 were classified as fully satisfactory.

We decided on the most promising prompting approach, GPT model, and context window
length based on a three-step process. First, we selected the top five prompting approaches for
each model and token number based on the arithmetic mean of the average of all metrics
across all variables, as well as across complex variables only, due to their lower overall
performance. For models tested twice, we used the respective means across classifications.
Additionally, we included approaches that performed satisfactorily in at least one complex
variable. For this selection, we second examined whether an approach met the satisfactory
threshold for all variables. Finally, we compared the best-performing prompting approaches
across token numbers within each model to identify the optimal approach per model. Overall,

we prioritized metrics related to complex variable classification.



Table C.1-1: Classification approaches -- differentiation according to promting setup, approach, category description and answer options

ID Prompting setup Prompting Category  Answer options
Approach description for topics

main_few catdes bi
main_sev_few catdes bi
sev_few catdes bi multiple post per query / instructions in the system
main_zero_catdes_bi
main_sev_zero catdes bi
sev_zero catdes bi multiple post per query / instructions in the system
main_few_bi
main_sev_few bi
sev_few bi multiple post per query / instructions in the system
main_zero bi
main_sev_zero bi

sev_zero bi multiple post per query / instructions in the system

main_few catdes ordinal ordinal
main_sev_few catdes_ordinal ordinal
sev_few catdes ordinal multiple post per query / instructions in the system ordinal
main_zero_catdes_ordinal ordinal
main_sev_zero_catdes ordinal ordinal
sev_zero_catdes ordinal / instructions in the system ordinal
main_few_ordinal no ordinal
main_sev_few_ordinal no ordinal
sev_few ordinal multiple post per query / instructions in the system no ordinal
main_zero_ordinal no ordinal
main_sev_zero_ordinal no ordinal
sev_zero_ordinal multiple post per query / instructions in the system no ordinal
main_few_catdes_prop metric
main_sev_few catdes prop metric

sev_few catdes prop multiple post per query / instructions in the system metric



main_zero_catdes prop
main_sev_zero catdes prop
sev_zero catdes prop
main_few_prop
main_sev_few bi

sev_few_ prop

main_ zero prop
main_sev_zero_ prop
SeV_Zero prop

multiple post per query / instructions in the system

/ instructions in the system

multiple post per query / instructions in the system

no
no
no
no
no
no

metric
metric
metric
metric
metric
metric
metric
metric
metric
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C.2 Topic models

We used topic modeling algorithms to explore the topics discussed in all posts classified as
covering romantic relationships and household or paid labor. These algorithms analyze
unstructured document collections and discover themes without requiring prior annotations or
labeling (Blei, 2012). Unlike clustering algorithms, topic models are mixed-membership
models, meaning that each document can belong to multiple topics simultaneously (Grimmer

etal., 2022).

One widely used topic model is Latent Dirichlet Allocation (LDA) (Blei et al., 2003). LDA is
a Bayesian hierarchical model that assumes a specific process for generating text (Grimmer et
al., 2022). The documents are characterized by distributions over latent topics, and the topics
are defined as distributions over words (both of which are assumed to be drawn from Dirichlet
distributions). The generative process involves two main steps: 1) Randomly draw a
distribution over topics for each document, 2a) randomly choose a topic for the nth word in a
document based on the distribution over topics in step one, and 2b) randomly choose an actual
word from the corresponding distribution over the vocabulary, conditional on the topic
assignment and the topic-specific distribution (Blei, 2012; Blei et al., 2003; Grimmer et al.,
2022). The computational goal is to compute the posterior distribution of the hidden topic
structure given the observed documents (Blei, 2012; Blei et al., 2003). When interpreting the
topic model results, we follow Grimmer et al.'s (2022) by combining a close reading of
exemplar texts that are strongly associated with a given topic, with quantitative methods that

identify the words characterising each topic.

In many social science applications, researchers estimate LDA topic models for a corpus of
documents and then compare how topic proportions vary with external covariates such as
author’s characteristics. However, LDA assumes that documents are interchangeable, which
contradicts findings on the influence of covariates on the text content (Roberts et al., 2016).
Structural Topic Models (STM) address this issue by extending LDA to incorporate metadata
into the model (Roberts et al., 2016). We applied STM using the R package stm (Roberts et
al., 2014, 2019). With STM, additional covariates are included to improve topic estimation.
Specifically, covariate information can be incorporated that affects the topic prevalence (i.e., a
document's proportion devoted to a topic) and the topical content (i.e., the frequency of words
used when discussing a topic). Thereby, for example, document-topic proportions can vary as

a function of observed covariates rather than arising from a single prior shared by all
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documents (Roberts et al., 2016). Accordingly, STM helps determine how topic prevalence

and content differ across documents based on their metadata (Grimmer et al., 2022).

In our study, we included the following as covariates for topic prevalence: the author's gender
and age; the protagonist's gender, age, and role; and the time, measured in quarters (three
months intervals). We adopted a more flexible, nonlinear functional form for the time variable
and estimated it with a spline (Roberts et al., 2019). We estimated the effects of the covariates
using the estimateEffect function, which performs a regression with the topic proportions as

the outcome variable (Roberts et al., 2014).

In STMs, the researcher must specify the number of topics 4. In the first step, we selected the
optimal number of topics k£ from the range 5-20 using a data-driven approach. Here, we
evaluated the key metrics provided by the searchK() function in the STM R package (Roberts
et al., 2019), including held-out log-likelihood, residual analysis, average exclusivity and
semantic coherence. For example, exclusivity quantifies the degree to which the
highest-probability words of a topic are unique to a given topic, while semantic coherence is
maximized when the most probable words in a given topic frequently co-occur (Roberts et al.,
2019). Second, based on these diagnostics, we selected three candidate values of K with the
most favorable trade-off (K = 10, 12, and 15) and subjected them to manual evaluation. This
qualitative assessment focused on topic interpretability (Grimmer & Stewart, 2013; Maier et
al., 2021). For each topic, we examined the highest-probability words and the FREX metric.
The FREX metric combines word frequency and exclusivity to a topic to penalize frequent yet
non-exclusive words, providing a clearer picture of the topic (Grimmer et al., 2022; Roberts et
al., 2016, 2019). In addition, we read the original posts with the highest proportions for each
topic (Grimmer et al., 2022).

For data collection, preprocessing and the analysis, we made use of the following packages
and software: We collected the Reddit data from pushshift using Python, especially the
module “zstandard® (Szorc, 2025), while we conducted the data (pre-)processing, calls to the
GPT API for the posts’ classification, and Structural Topic Modeling in R, particularly using
the ‘tidyverse® (Wickham et al., 2019), “httr’(Wickham, 2012), ‘quanteda’(Benoit et al.,
2015), ‘stm” (Roberts et al., 2014, 2019), and ‘stminsights’ (Schwemmer & Guyt, 2024)
packages.
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Figure C.1-1: k-diagnostic for STMs for paid labor
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Figure C.1-2: k-diagnostic for STMs for household labor

Table C.1-1: Mean exclusivity by k for paid and household labor

Mean exclusivity

k Paid labor Household labor
5 9.184 8.937
7 9.422 9.141
10 9.557 9.434
12 9.629 9.490
15 9.715 9.565
17 9.742 9.611
20 9.782 9.651
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Table C.1-2: Top words and FREX words for topics for different k (paid labor posts)

K=10 K=12 K=15

Topic___Top Words FREX Words Top Words FREX Words Top Words FREX Words

1 depress, stress, better, depress, anxieti, depress, stress, support, depress, anxieti, depress, stress, Dbetter, depress, anxieti,
support, bad, hard, emot, mental health, mental, better, bad, break, hard, mental health, mental, support, break, bad, hard, mental health, mental,
everyth, leav, issu therapi, therapist, suicid, emot, everyth, leav therapist, therapi, medic, emot, everyth, problem therapi, therapist, suffer,

pain, suffer, medic suffer, pain, suicid cope, pain, medic

2 text, call, phone, messag, text, messag, repli, phone, text, call, phone, messag, messag, text, repli, delet, text, call, phone, messag, text, repli, messag,
went, later, night, happen, sent, delet, email, respond, went, later, night, saw, phone, respond, chat, went, convers, later, send, respond, phone, send,
left, upset send, call happen, look instagram, sent, send repli, answer chat, delet, sent, answer

3 guy, girl, ex, cheat, girl, ex, cowork, cheat, guy, girlfriend, girl, gf, ex, girl, ex, gf, jealous, guy, guy, girl, girlfriend, cowork, girl, flirt, jealous,
girlfriend, cowork, date, flirt, co-work, guy, drunk, date, cowork, cheat, broke, flirt, cowork, crush, cowork, date, gf, ex, met, femal, guy, crush,
gf, trust, met jealous, trust met girlfriend, broke peopl, hang co-work, male, insecur

4 career, famili, citi, futur, career, graduat, countri, career, citi, futur, school, graduat, career, countri, career, futur, school, citi, graduat, career, abroad,
school, find, stay, countri, visa, abroad, opportun, famili, find, current, visa, abroad, program, find, current, colleg, visa, countri, degre,
current, plan citi, program, dream, countri, colleg, stay opportun, degre, citi, countri, graduat, stay program, internship,

across_countri dream opportun, futur

5 hous, sleep, clean, hour, dish, laundri, clean, wash, hous, sleep, clean, hour, dish, laundri, clean, wake, sleep, hous, clean, bed, wake, dog, kitchen, wash,
bed, around, night, dog, wake, cook, dog, kitchen, bed, around, night, dog, cook, dog, chore, wash, night, hour, dog, leav, dish, breakfast, clean, nap,
cook, eat chore, nap cook, tire kitchen, game around, morn bed, sleep

6 partner, person, peopl, partner, boundari, tattoo, partner, peopl, person, partner, boundari, partner, person, issu, partner, valu, boundari,
issu, seem, look, convers, profession, gender, men, issu, convers, seem, busi, profession, team, project, peopl, convers, topic, profession, express,
interest, etc, kind polit, art, creativ, ben understand, share, etc valu, role, client, art, topic understand, share, seem, regard, intellig, view,

howev, situat dynam

7 money, pay, financi, save, rent, payment, loan, debt, money, pay, financi, save, loan, debt, rent, payment, money, pay, financi, save, debt, payment, loan, bill,
car, hous, parent, bill, rent, bill, pay, money, expens, car, bill, rent, hous, paid, bill, pay, expens, money, bill, rent, car, paid, buy, pay, paycheck, expens,
buy credit_card, paycheck buy paycheck, credit_card expens credit_card, money, rent

8 husband, wife, kid, marri, wife, husband, pregnant, wife, kid, famili, mom, wife, daughter, son, babi, wife, kid, babi, marri, son, wife, kid, daughter,

famili, babi,
marriag, son, child

mom,

daughter, divorc, son,

babi, son, mother, child,
parent, daughter

daycar, kid, custodi, child,
pregnanc, born

child, daughter, marriag,
divorc, children

daycar, son, babi, child,
custodi, children, born
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10

11

12

13

14

15

spend, girlfriend, hour,
plan, weekend, date, busi,
gf, away, trip

sex, use, sexual, smoke,
watch, anymor, initi, look,
weed, stop

pregnanc, babi, custodi,
child

weekend, trip, schedul,
cancel, spend, holiday,
saturday, quality tim,

summer, clingi

porn, sex, smoke, weed,
sex_driv,  jack, drug,
libido, addict, masturb

spend, hour, plan,
weekend, trip, away, busi,
night, date, girlfriend

drink, fuck, car, smoke,
look, use, shit, fianc, stop,
went

sex, seem, anymor,
interest, attract, chang,
sexual, great, use, initi

husband, marri, lie, found,
marriag, cheat, leav, went,
trust, came

weekend, trip, cancel,
saturday, friday, sunday,
holiday, birthday, schedul,
anniversari

weed,
wear,

smoke, drug,
alcohol, addict,
sober, hair, shirt, cop

sex, intimaci, weight,
sex_driv, affection, intim,
attract, sexual, spark,
libido

husband, affair, john,

email, deploy, lie, bob, 1,
wed, counsel

plan, hour, weekend,
spend, trip,

girlfriend, night, date, visit

away,

fuck, look, drink, smoke,

use, shit, wear, peopl,
weed, drug
sex, anymor,  sexual,

attract, seem, great, initi,
interest, chang, physic

lie, found, cheat, ex, went,
leav, left, trust,
happen

came,

husband, marri, compani,
new, wed, busi, Dboss,

marriag, manag, fianc

spend, play, hour, game,
watch, sometim, around,
full tim, chore, hobbi

famili, parent, mom, dad,
hous, gf, mother, sister,
brother, stay

trip, weekend, birthday,
saturday, friday, cancel,
flight, sunday, holiday,
summer

smoke, weed, wear, drug,

jack, hair, shirt, tattoo,
model, dress
sex, intimaci,  intim,

weight, sexual, sex driv,

affection, attract, libido,
spark
lie, affair, forgiv, john,

polic, truth, betray, proof,
caught, discov

husband, tom, gt, spous,

wed, husband’, jame,
hubbi, h, hire

game, hobbi, play,
video_gam, chore,

free tim, play_video gam,
playing video gam, lazi,
play gam

brother, sister, dad, mom,
parent, sibl, mum, mother,
cousin, uncl
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Table C.1-2: Top words and FREX words for topics for different k (household labor posts)

K=10 K=12 K=15

Topic___Top Words FREX Words Top Words FREX Words Top Words FREX Words

1 upset, call, wrong, door, yell, apolog, grab, upset, wrong,  fight, apolog, yell, door, anger, went, call, upset, came, yell, apolog, scream, text,
argument, went, fight, fuck, argument, respond, argument, angri, right, calm, argument, angri, angri, wrong, fight, left, drunk, door, angri, fuck,
angri, right, happen, today calm, scream, angri call, yell, today, happen fuck, scream, grab today, argument piss, anger

2 eat, sleep, dinner, bed, chicken, eat, pm, gym, eat, dinner, sleep, bed, eat, chicken, pm, eat, food, dinner, meal, chicken, eat, diet, meat,
night, food, wake, meal, hungri, wake, breakfast, night, food, wake, morn, breakfast, wake, dinner, made, lunch, buy, weight, ingredi, soup, recip, pizza,
morn, usual asleep, lunch, meal play, usual hungri, gym, asleep, lunch night, prepar pasta, meal

3 pay, money, bill, financi, contribut, incom, career, chore, partner, respons, task, equal, chore, chore, partner, respons, task, equal,
partner, support, school, financi, expens, financ, expect, housework, etc, household chor, expect, household, household_chor, chore,
respons, save, contribut cost, degre, bill, earn household, around hous, housework, household, housework, etc, task, fair, household, full-tim,

task, fair respons, list, full-tim, around hous housework, fair, respons,
free tim resent

4 husband, wife, marri, kid, wife, husband, marriag, husband, wife, marri, kid, wife, husband, spous, wife, kid, marri, marriag, wife, divorc, marriag,
marriag, divorc, spend, divorc, marri, wife’, golf, marriag, divorc, famili, marriag, divorc, marri, divorc, seem, famili, spous, wife’, marri, in-law,
famili, seem, etc toddler, husband’, sahm school, spend, seem counsel, husband’, wife’, school, give, issu kid, sahm, typic

sahm

5 dish, laundri, chore, wash, dirti, vacuum, pile, sink, dish, laundri, wash, cloth, dirti, pile, sink, bathroom, sleep, tire, dog, school, lazi, dog, wake, shift, tire,
cloth, mess, trash, floor, messi, dishwash, dish, mess, trash, floor, kitchen, trash, mop, toilet, counter, night, laundri, wake, bed, studi, exhaust, sleep, class,
dirti, kitchen bathroom, litter, trash dirti, bathroom floor, put_away lazi, full_tim full tim

6 boyfriend, bf, dog, play, boyfriend, bf, roommat, boyfriend, bf, dog, play, boyfriend, bf, roommat, boyfriend, bf, apart, place, boyfriend, bf, roommat,
game, friend, spend, littl, living togeth, dog, game, apart, break, littl, game, living togeth, dog, leas, break, friend, date, littl, living togeth, mum,
date, break video gam, date, place video gam, boyfriend’, guy, living togeth boyfriend’, leas, j, apart,

playing video gam, mum, puppi guy
boyfriend’, puppi

7 kid, babi, son, child, babi, pregnanc, pregnant, kid, babi, son, child, babi, pregnant, pregnanc, husband, kid, babi, son, babi,  pregnant, son,
daughter, children, son, born, child, birth, daughter, children, son, born, diaper, child, children, pregnant, pregnanc, husband,
pregnant, famili, sleep, daycar, month old, pregnant, sleep, famili, year old, child, marri, two, stay_hom daycar, born, children,
parent year_old year old month_old, daycar diaper, month_old
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10

11

12

13

14

15

sex, depress, issu, life,
chang, better,
person, partner, anymor

seem,

famili, parent,
friend, girlfriend, gf, stay,
mother, money, place

mom,

amp, partner, Dbirthday,
gift, adhd, gt, new, issu,
life, famili

sex, depress, attract,
affect, sexual, sex lif,
intimaci, interest, Kkiss,
physic

gf, brother, sister,

girlfriend, ex, aunt, mom,
sibl, n, girl

gt, amp, gift, adhd, nbsp,
symptom, birthday, It,
autism, childhood

sex, anymor, chang, happi,
seem, better, life, date,
person, give

parent, mom, girlfriend,
famili, mother, gf, stay,
dad, sister, ex

pay, bill,
save, buy, amp, financi,
car, paid

money, rent,

support, depress, life, issu,
partner, struggl, anxieti,
stress, hard, due

friend, went, drink, found,
made, call, text, new, left,
night

sex, sexual, attract,
sex_lif, kiss, romant,
intimaci, interest,
affection, hug

gf, brother, sister,

girlfriend, fiancé, mom,
parent, sibl, ex, aunt

gt, payment, debt,
mortgag, money, pay, bill,
credit, paid, expens

medic, mental health,
anxieti, diagnos, depress,
disabl, struggl, health, ill,
med

drink, drunk, Dbirthday,
anniversari, messag, text,
christma, alcohol, found,
cowork

sex, anymor,  chang,
friend, happi, date, seem,
interest, better, cheat

mom, parent, famili,
daughter, mother, dad,
stay, sister, brother, father

amp, birthday, gift, gt,
new, christma,  card,
anniversari, holiday, buy

depress, support, life,
partner, struggl,
anxieti, emot, stress, hard

issu,

pay, money, bill,
save, financi, buy,
paid, groceri

rent,
car,

girlfriend, gf, friend, apart,
break, person, ex, place,
issu, problem

dish, wash, cloth, laundri,
mess, floor, dirti, trash,
kitchen, bathroom

play, watch, game, spend,
friend, phone, tv, sit,
video gam, comput

sex, sex_lif, kiss, attract,
sexual, intimaci, cheat,
affection, connect, cuddl

sister, brother, daughter,
mom, mother, sibl, dad,
parent, father, visit

gt, amp, gift, birthday,
anniversari, lo, d,
christma, It, holiday

medic, mental health,

depress, anxieti, struggl,

disabl, diagnos, med,
adhd, support

debt, pay, bill, money,
paid, cost, rent, save,

mortgag, expens

girlfriend, gf, ex, nbsp,
she’ll, joe, she’d, girl,
breakup, apart

sink, dirti, wash,
bathroom, floor, pile,
put_away, messi, cloth,
toilet

game, play, video, tv,
comput, video gam,
watch, movi,

playing video gam, xbox
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D Results

D.1 Classification statistics

In the following, we outline the LLMs’ classification performance in detail. We interpret
mean classification results for the cases in which models classified each post twice (i.e.,
GPT-4.1 with a 120,000-token context window and GPT-40 and 03 with a 30,000-token
context window). We first describe the results for the non-fine-tuned models in detail, as these

inform our selection of prompting approaches for subsequent fine-tuning.

Across all models, manifest categories are classified more accurately than latent topic
categories. Among the manifest variables, GPT-03 performs best, followed by GPT-4.1, while
GPT-40 exhibits the lowest predictive performance. GPT-4.1 and 03 achieve particularly
strong performance for the manifest categories of the author’s and protagonist’s age (averages
of all metrics across prompting approaches > 0.95 and 0.91, respectively) and meet acceptable
performance thresholds for the second protagonist’s gender (averages > 0.81, with at most one
metric including a lower confidence interval below 0.70). For GPT-03, all approaches also
satisfy the criteria for the author’s gender (no metric with lower confidence intervals < 0.70).
In contrast, most GPT-4.1 prompting approaches fall below acceptable thresholds for this
category (averages > 0.65), although all approaches involving exactly one post per prompt
perform satisfactorily. The second protagonist’s role is the most challenging manifest variable
(averages > 0.58 for GPT-4.1 and > 0.69 for 03). Yet several approaches, primarily few-shot
prompts with category descriptions, still meet our defined criteria. Except for a small number
of zero-shot prompting approaches, GPT-40 also attains satisfactory performance for author
and protagonist age and gender (averages > 0.90, 0.66, 0.85, and 0.71, respectively). As with
the other models, the protagonist’s role performs least well (averages > 0.66, with several
approaches showing more than one metric below 0.70), although few-shot prompts with
category descriptions again tend to meet the criteria. Overall, few-shot prompts with category
descriptions and a single post per prompt yield strong classification performance across all
GPT models, context window lengths, and manifest categories. Approaches using the shorter

30,000-token context window also perform marginally better than those using 120,000 tokens.

For the latent topic categories paid labor, household labor, and romantic relationship, GPT-4.1
outperforms both GPT-40 and 03, and GPT-40 consistently performs worse than GPT-03.
Overall, the latent topic categories show substantially weaker performance than the manifest
variables. No combination of prompting strategy and GPT model achieves satisfactory

performance across all topic categories. Predictive performance is lowest for household labor
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(averages > 0.39 for GPT-4.1, 0.30 for GPT-40, and > 0.42 for 03), followed by paid labor
(averages > 0.43, 0.42, and 0.48) and romantic relationships (averages > 0.43, 0.40, and 0.45).
Across all models, prompts requesting ordinal classifications perform substantially worse than

those requesting binary or metric responses.

Although no prompting strategy achieves satisfactory performance for household or paid
labor, each model attains satisfactory classification on the romantic relationship category with
at least one approach. For GPT-4.1, two approaches meet the criteria with a binary or metric
response format and a 120,000-token context window. Both place instructions in the main
rather than system prompt and include category descriptions. One uses zero-shot prompting to
classify multiple posts (average 0.82), while the other uses few-shot prompting to classify a
single post (average 0.80). With a 30,000-token context window, two metric-format
prompting approaches also meet the criteria, whereas none of the ordinal or binary ones do.
Across these approaches, few-shot prompting with category descriptions in the main prompt,
regardless of whether one or several posts are classified per prompt, performs best. For
GPT-4.1, few-shot prompts with category descriptions, a single post per prompt, and a binary
or metric response format perform well also across manifest categories. The metric format
slightly outperforms the binary one for the most challenging topic category, household labor.
We therefore select the few-shot prompt with category descriptions, a single post per prompt,
and a metric response format as our fine-tuning approach for GPT-4.1. Because this approach
always classifies a single post per prompt, the context window is never fully utilized.
Resulting performance differences between context window lengths are thus likely
attributable to random variance rather than systematic effects. This interpretation is supported
by extremely high interrater reliability across the two runs (Cohen’s Kappa ranging from 0.93
for romantic relationships to 1.0 for author and protagonist age). Given the slightly better
performance on the topic categories, we select the 120,000-token context window for

fine-tuning GPT-4.1.

For GPT-03, only one approach meets the performance criteria for romantic relationships,
namely a zero-shot prompt with category descriptions in the main prompt requesting a binary
classification of multiple posts in a 120,000-token context window (average 0.79). As
fine-tuning is not available for 03, we retain this approach for later comparison with the

fine-tuned GPT-4.1 and GPT-40 models.

For GPT-40, two approaches perform satisfactorily on the romantic relationship category with

a 120,000-token context window, and one approach with a 30,000-token window. With the
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longer window, both satisfactory approaches involve zero-shot prompts with category
descriptions requesting metric classifications of multiple posts, with instructions placed either
in the main or the system prompt (average of 0.83 and 0.81, respectively). With the shorter
context window, the only satisfactory approach uses few-shot prompting with category
descriptions in the main prompt for binary classification of a single post (average 0.80). Based
on stronger performance across the manifest categories, we select this latter approach for
fine-tuning GPT-40. Interrater reliability is again extremely high (Cohen’s Kappa 0.93

ranging from paid labor to 1.0 for age categories), further supporting this decision.

Fine-tuning substantially improves classification performance for both GPT-4.1 and GPT-4o,
regardless of the number of training epochs. For GPT-4.1, the largest improvement arises with
three epochs, whereas GPT-40 performs best on several categories when fine-tuned with four
epochs. Because increasing the number of epochs leads to declining performance for GPT-4.1
and to slight decreases in accuracy on some manifest categories for GPT-40, we refrain from
increasing the number of epochs further to avoid overfitting. We validate the fine-tuned
models by combining the validation and test sets and having each model classify each post

twice, achieving high interrater reliability. We interpret the mean performance metrics below.

For GPT-4.1 fine-tuned on three epochs, we observe strong performance across all manifest
categories, including the protagonist’s role. Accuracy and related metrics reach or exceed
0.80, with at most a single lower confidence interval falling above 0.70. Topic classifications
also improve substantially. In particular, the romantic relationship category shows robust
performance, with all metrics including lower confidence intervals meeting or exceeding 0.80.
Nonetheless, limitations remain for the topics of household and paid labor. While
classification for paid labor performs notably better with all lower confidence intervals >
0.60, predictive accuracy for household labor remains insufficient, with a recall of 0.50 and a
lower recall confidence interval as low as 0.25. Increasing the number of epochs to four yields
largely comparable predictive performance but introduces a slight decline for the protagonist’s
role (e.g., MCC dropping below 0.80). Given these patterns, we select the GPT-4.1 model

fine-tuned for three epochs for subsequent comparisons of approaches.

For GPT-40 fine-tuned on three and four epochs, the overall pattern of predictive performance
mirrors that of GPT-4.1. The strongest results again appear for the manifest categories.
However, the protagonist’s role shows reduced stability, with three metrics falling below 0.80
for both the three-epoch and four-epoch models. As with GPT-4.1, romantic relationship

predictions perform consistently well across epochs, with no metrics below 0.80. Paid labor
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classifications also surpass a minimum lower confidence interval of 0.60. Yet, performance
for household labor remains insufficient across both fine-tuned variants, reflected in a lower

recall confidence interval of 0.18 for three epochs and 0.23 for four epochs.

Comparing the number of epochs across GPT-40 models, we observe slight improvements
from three to four epochs for the topic categories and the protagonist’s role, accompanied by
marginal reductions in accuracy for other manifest categories. This marginal decline might

indicate emerging overfitting.

Taken together, our results identify GPT-4.1 fine-tuned for three epochs as the most effective
overall configuration, followed by GPT-40 fine-tuned for four epochs. All fine-tuned models
outperform the non-fine-tuned counterparts across GPT-4.1, GPT-40, and 03. Nonetheless,
even our strongest model configuration fails to achieve satisfactory performance on the latent
constructs of paid and especially household labor. Notably, the latent constructs most
challenging for the LLMs to classify are also those for which human annotators exhibit the
lowest reliability. In classifying the remaining posts, we nevertheless instructed the fine-tuned
GPT-4.1 to annotate all categories included in the initial prompt, as omitting categories could

alter predictive accuracy.
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D.2 Descriptive statistics

D.2.1 Graphical overview
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Figure D.2-1: Share of relationship posts of all posts over time
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D.2.2 Changes in the demographic structure over time

Gender patterns have shifted. Since 2016, women have been more represented than men as
authors in all posts and relationship posts, and in paid work posts since 2015. They have
consistently dominated men in unpaid work household labor posts since 2013. Since the
pandemic, men have become more frequent protagonists in all posts, and even more so in
relationship posts. In paid and unpaid work posts, they have predominated since 2015 and
2013, respectively, but we also see a widening gender gap since the pandemic. The amount of
missing demographic information was high from 2011 to 2013, then declined, and then rose
again until early 2023, when it dropped sharply. This finding probably reflects changes in
community rules and moderation. Age distributions show a gradual decline in the youngest
groups and a slight rise in the 30-34 age group, with more fluctuations in paid and unpaid

work posts.
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D.3 Relationship subreddits on Reddit

D.3.1 Paid work

Topic correlations

1 Career and mobility choices . 007 021 -0.03

. 023 -0.15
-0.23 . -0.09

2 Mental health issues

3 Mistrust, jealousy, and insecurity

4 Work and relationship time conflict

5 Values, attitudes, appreciation, and boundaries
6 Internet and phone communication

7 Finances and expenses

8 Misaligned work schedules and daily routines
9 Cheating, lying, separations, and ex-partners
10 Partners® leisure time activities

11 Sex, desire, and intimacy

12 Extended family issues

13 Physical appearance and lifestyle habits

14 Family formation, parenting, and marriage

15 (Married) partner’s job
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Figure D.3-1: Topic correlations for topics occurring in conflicts about paid work in

romantic relationships.

Note: Structural Topic Models with k=15 topics, ordered from most to least frequent and

using age, gender, of the author and partner, marital status to the partner, and time as

covariates for topic prevalence.
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Figure D.3-2: Expected topic proportion (x-axis) by age (y-axis) for topics occurring in conflicts about paid work in romantic relationships.
Note: Structural Topic Models with k=15 topics, ordered from most to least frequent and using age, gender, of the author and partner, marital status

to the partner, and time as covariates for topic prevalence.
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D.3.2 Unpaid work

Topics

Table D.3-1: Unpaid work topics

Topic Title Top Words FREX Words Average expected
topic proportion across
documents

1 Arguments went, call, upset, came, yell, apolog, scream, text, 10.1%

angri, wrong, fight, left, drunk, door, angri, fuck,
today, argument piss, anger

2 (Mental) health issues depress, support, life, medic, mental_health, 9-4%

partner,  issu,  struggl, depress, anxieti, struggl,
anxieti, emot, stress, hard  disabl, diagnos, med, adhd,
support

3 Cleaning and laundry dish, wash, cloth, laundri, sink, dirti, wash, bathroom, 9-3%

mess, floor, dirti, trash, floor, pile, put away,
kitchen, bathroom messi, cloth, toilet

4 DiViSiOn thousehold taSkS Chore’ partner’ respons’ task’ equal’ 91%

expect, household, household chor, chore,

housework, etc, task, fair, household, full-tim,

around_hous housework, fair, respons,
resent

5 Division of labor, sleep, tire, dog, school, lazi, dog, wake, shift, tire, 8-3%

exhaustion and fatigue night, laundri, wake, bed, studi, exhaust, sleep, class,
lazi, full tim full tim

6 Sexual intimacy sex, anymor, chang, friend, sex, sex_lif, kiss, attract, 7.6%

happi, date, seem, interest, sexual, intimaci, cheat,
better, cheat affection, connect, cuddl

7 Childcare and pregnancy husband, kid, babi, son, babi, pregnant,  son, /-3%

child, children, pregnant, pregnanc, husband, daycar,
marri, two, stay_hom born, children, diaper,
month_old

8 Finances and expenses pay, money, bill, rent, save, debt, pay, bill, money, paid, 7-4%

financi, buy, car, paid, cost, rent, save, mortgag,
groceri expens

9 Cohabitation, maturity boyfriend, bf, apart, place, boyfriend, bf, roommat, 6-6%

issues, and relationship preak, friend, date, littl, living_togeth, mum,
stability guy, living_togeth boyfriend’, leas, j, apart,
guy
10 Young (female) girlfriend, gf, friend, apart, girlfriend, gf, ex, nbsp, 3-5%

partner-related issues

break, person, ex, place,
issu, problem

she’ll, joe,
breakup, apart

she’d, girl,
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11

Gaming and screen time play, watch, game, spend,
friend, phone, tv, sit,

video_gam, comput

game, play, video, tv,
comput, video_gam, watch,
movi, playing video gam,
xbox

4.7%

12 (Extended) family conflicts mom,  parent,  famili, sister, brother, daughter, 4-5%
daughter, mother, dad, stay, mom, mother, sibl, dad,
sister, brother, father parent, father, visit

13 Cooking and nutrition eat, food, dinner, meal, chicken, eat, diet, meat, 4-2%
made, lunch, buy, weight, ingredi, soup, recip, pizza,
night, prepar pasta, meal

14 Division of labor, wife, kid, marri, marriag, wife, divorc, marriag, 4-1%

relationship  quality, and djvorc, seem, famili, spous, wife’, marri, in-law,
mental load school, give, issu kid, sahm, typic

15 Everyday 1.9%

responsibilities, amp, birthday, gift, gt, new,
and conflict resolution christma, card, anniversari,

holiday, buy

gt, amp, gift, birthday,
anniversari, lo, d, christma,
It, holiday
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Topic correlations

Topic Correlations

1 Arguments .-0.16 000 -026 -0.10
2 (Mental) health issues -0716.4)23 -0.00 -0.14

3 Cleaning and laundry oo -023 . 002 -0.03
4 Division of household tasks 025 000 o002 . 005

-0.07 -004 -020 -005 -0.03 -0.04 -0.03 -0.01 -0.08 -0.03

-003 -0.03 -002 -0.11 -0.05 -0.14 -006 -0.12 -0.04 -0.06

-0.22 -025 -020 0.06 -0.06 -0.13 -0.15 -0.01 -0.11 -0.06

-0.17 -0.16 003 -0.06 -0.08 -0.10 -0.18 -0.07 -0.04 -0.05

5 Division of labor, exhaustion, and fatigue -0.10 014 003 -005.-0.12 005 -007 000 -0.11 007 -0.10 -0.04 -0.06 -0.09

6 Sexual intimacy 007 -003 -022 -0.17 »0.12.-0.00 012 006 -001 001 -012 -011 000 -0.04 Topic

7 Childcare and pregnancy -004 003 025 016 -0.05

8 Finances and expenses 020 002 -020 003 007

9 Cohabitation, maturity issues, and relationship stability -00s -011 006 -006 000
10 Young (female) partner-related issues 003 005 -006 008 -011

11 Gaming and screen time 004 014 013 010 o007

12 (Extenden) family conflicts 003 006 -015 018 -0.10

13 Cooking and nutrition 001 012 -001 -007 -004

14 Division of labor, relationship quality, and mental load 008 004 011 004 -006
15 Everyday responsibilities and conflict resolution .03 006 -0.06 005 -0.09

1 2 3 4 5

Figure D.3-3: Topic correlations for topics occurring in

romantic relationships.

Note: Structural Topic Models with k=15 topics, ordered
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-011 -0.12 -0.11 -0.02 -0.06 -0.03 -0.10 . -0.05 -0.02
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6 7 8 9 10 11 12 13 14 15
Topic

conflicts about unpaid work in

from most to least frequent and

using age, gender, of the author and partner, marital status to the partner, and time as

covariates for topic prevalence.
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Changes over time
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Figure D.3-5: Expected topic proportion (y-axis) over

relationships.

time (x-axis) for topics

occurring

in conflicts

about paid work in romantic

Note: Structural Topic Models with k=15 topics, using age, gender of the author and partner, marital status to the partner, and time as covariates for

topic prevalence. The vertical lines indicate the time periods before, during, and after the COVID-19 pandemic.
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Looking at changes over time, times of crisis have led to shifts in the topics discussed (see
Figure D.3-2). While some topics such as “everyday responsibilities and conflict resolution”,
or “gaming and screen time”, have become less important during the pandemic, others, such
as “arguments”, “division of household tasks” and “(mental) health issues”, have become
more important. In contrast to the context of paid work, however, most changes occurred with
a certain delay. For example, discussions about mental health issues increased in posts about
paid work at the very beginning of the pandemic and then declined steadily, while
corresponding discussions about mental health in connection with unpaid work only emerged
some time after the start of the pandemic. Here, changes may take longer to unfold, whereas

in paid work they are immediately noticeable.
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