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Abstract
Humans adjust their linguistic style to the au-
dience they are addressing. However, the ex-
tent to which LLMs adapt to different social
contexts is largely unknown. As these mod-
els increasingly mediate human-to-human com-
munication, their failure to adapt to diverse
styles can perpetuate stereotypes and marginal-
ize communities whose linguistic norms are
less closely mirrored by the models, thereby re-
inforcing social stratification. We study the ex-
tent to which LLMs integrate into social media
communication across different socioeconomic
status (SES) communities. We collect a novel
dataset from Reddit and YouTube, stratified by
SES. We prompt four LLMs with incomplete
text from that corpus and compare the LLM-
generated completions to the originals along
94 sociolinguistic metrics, including syntactic,
rhetorical, and lexical features. LLMs modu-
late their style with respect to SES to only a
minor extent, often resulting in approximation
or caricature, and tend to emulate the style of
upper SES more effectively. Our findings (1)
show how LLMs risk amplifying linguistic hier-
archies and (2) call into question their validity
for agent-based social simulation, survey exper-
iments, and any research relying on language
style as a social signal.

1 Introduction

Large-scale social media communication directly
influences how people use language and how it
evolves (Jebaselvi et al., 2023; Dembe, 2024).
From this perspective, social media are not merely
a communication tool, but a dynamic environment
that actively shapes and transforms language in
real-time (Akhmedova, 2024). Simultaneously,
large language models (LLMs) are becoming an
integral part of human communication by taking
an active role in shaping how users write on social
media (Yang and Menczer, 2024; Forbes, 2025),
thereby directly influencing language use and com-
munication.
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Figure 1: We compare the style of LLM-generated com-
pletions against the original text from lower and upper
SES communities on Reddit and YouTube along 94 so-
ciolinguistic dimensions.

Most work in NLP has focused on analyzing the
content of LLM-generated text in terms of factu-
ality (Min et al., 2023; Huang et al., 2025; Wang
et al., 2024) and biases (Navigli et al., 2023; Fang
et al., 2024; Gallegos et al., 2024; Stranisci et al.,
2024). Wrong or biased LLM-generated content
has a direct impact on misshaping users’ beliefs
and behavior (Jakesch et al., 2023; Sharma et al.,
2024). No work has investigated LLMs’ language
style and its integration into social media commu-
nication across different communities. However,
language style directly and crucially impacts com-
munication (Meier et al., 2020; Havaldar et al.,
2023; Jiang, 2024; Li and Zheng, 2024), especially
large-scale social media communication (Danescu-
Niculescu-Mizil et al., 2011; Muftah, 2022), and is
more indicative of community than topic (Tran and
Ostendorf, 2016).

We address this gap by specifically examining
the language style of LLM-generated text in large-
scale social media communication on Reddit and
YouTube. Since style is closely tied to socioeco-
nomic status (SES; Block, 2020), we explore the ex-
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tent to which LLMs emulate the styles of different
SES communities when prompted with their texts
(see Figure 1). Sociolinguistics has shown substan-
tial stylistic differences between individuals from
the lower and upper ends of the socioeconomic
spectrum (Flekova et al., 2016; Cercas Curry et al.,
2024; Bassignana et al., 2025). In this work, we
address the following research question: To what
extent do LLMs adapt their style to language
variation across SES communities in social me-
dia communication? We adopt a topic-based strat-
egy with keyword matching to systematically col-
lect the first open-access dataset of social media
data (Reddit and YouTube), stratified by SES. We
validate the stratification of language across SES
against previous work (Flekova et al., 2016; Basile
et al., 2019). We split each instance (i.e., Reddit
posts, YouTube video captions) into two parts and
use the first part to prompt four state-of-the-art
LLMs with the instruction to complete the text. We
then compare the LLM-generated text with the orig-
inal second part. To formalize the style of LLM-
generated text and compare it to in-community lan-
guage, we employ 94 sociolinguistic metrics that
capture syntactic, rhetorical, and lexical features.

Our results show that LLMs only partially match
their output to different language styles, for exam-
ple, in the level of formality marked by the ratio
of pronouns and adverbs. For most other linguis-
tic features, LLMs’ ability to replicate the specific
linguistic profile of SES communities varies sub-
stantially, often resulting in approximation or car-
icature rather than precise emulation of the SES
in-community language style. Our preliminary ab-
lation study on the influence of the input context on
model adaptation to SES language variation reveals
a latent tendency of LLMs to adapt more effectively
to upper SES style, when longer contexts are given.
Our findings contribute to the growing research on
how LLMs exacerbate socioeconomic inequalities
(Bassignana et al., 2025). They also have impli-
cations for the validity of using LLMs to simulate
humans in social science studies (Park et al., 2022).

Contributions. 1 We provide the first openly
accessible dataset of social media data (Reddit and
YouTube) stratified by SES.1 2 We quantitatively
evaluate LLMs’ ability to replicate SES-specific
style across two domains, four LLMs, three prompt-
ing strategies, and 94 sociolinguistic features.

1We release our data and code at https://github.com/
elisabassignana/language-analysis-social-media.

2 Related Work

Language Variation across SES. Since estab-
lished work in sociolinguistics highlighted the dif-
ferences in language use by individuals with differ-
ent socioeconomic statuses (Labov, 2006), several
works in NLP have attempted to quantify these dif-
ferences on a large scale. In the context of social
media, Preoţiuc-Pietro et al. (2015a,b) introduced
a dataset of Twitter users mapped to their income
through their occupational class using job-related
keywords to match user profile fields. Flekova et al.
(2016) employed that dataset to analyze the rela-
tion between language use and income on Twitter.
However, more than for any other widely spread
social media, the Twitter community is notoriously
skewed towards the upper end of the socioeco-
nomic spectrum (Sloan, 2017; Wojcik and Hughes,
2019). Basile et al. (2019) relied on the findings
on Twitter by Flekova et al. (2016) to expand re-
search on stylistic variation as a predictor of social
classification in the domain of restaurant reviews.

Language Style of LLM-generated text.
Muñoz-Ortiz et al. (2023) compared the language
style of humans against LLM-generated news,
finding measurable differences at the level of gram-
mar, vocabulary, constituents, and dependency
distances. Zamaraeva et al. (2025) expand the
analysis of human-written versus LLM-generated
NYT-style text through the lens of grammatical
structure. Reinhart et al. (2025) investigated the
ability of LLMs to match human language style
in different domains (academic, news, fiction,
podcasts, blogs, television, and movie scripts) and
identified systematic differences across the style of
distinct LLMs.

However, the extent to which LLMs integrate
within large-scale communication on social me-
dia within different SES communities is largely
unknown. In this work, we expand previous SES-
stratified datasets to two new domains (i.e., Reddit
and YouTube) and validate our data collection strat-
egy against the findings of previous work.2 Then,
we use our dataset as an anchor to evaluate the lan-
guage style of LLM-generated text against lower
and upper SES communities along 94 features.

2We contacted Flekova et al. (2016) and Basile et al. (2019)
to request their datasets, but were unsuccessful.

https://github.com/elisabassignana/language-analysis-social-media
https://github.com/elisabassignana/language-analysis-social-media
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YouTube Reddit
Lower Upper Lower Upper

# instances 472 622 1,988 1,689
# tokens 1.06M 1.13M 315.4K 227.8K

Table 1: Statistics of the lower and upper SES datasets.
The # of instances refers to the number of video captions
for YouTube and to the number of posts for Reddit.

3 Data

To explore the extent to which LLMs emulate SES
in-community language on social media, we col-
lect data from Reddit3 and from YouTube,4 each
serving as a platform where distinct SES commu-
nities spontaneously congregate. Although SES
communities naturally differ in the topics they dis-
cuss—reflecting distinct needs, lifestyles, social
circles, and access to experiences—our analysis in-
stead focuses on structural linguistic features, such
as style, register, and other sociolinguistic markers,
which are not affected by semantic variation. Ta-
ble 1 reports the statistics of our dataset, and below
we describe our data collection strategy.

3.1 Lower SES

Money matters are frequently discussed among
lower SES communities (Lareau, 2018; McCaslin-
Timmons and Grady, 2022; Ndou, 2024). Our data
collection for the lower SES centers around topics
related to financial struggle, poverty, frugality, and
benefits. To identify relevant social media content,
we manually compile a list of keywords related
to these themes (e.g., ‘poverty’, ‘poor’, ‘frugal’)
and use them to systematically search for subred-
dits (e.g., r/povertyfinance, r/Frugal) and YouTube
videos.5 Then, to clean our data and to exclude
onlookers from in-groups, we differentiate the pro-
cess between Reddit and YouTube as follows:

Reddit. We perform a network analysis and clean
our data by: (1) filtering only the posts by users that
interacted (i.e., posting, commenting) at least 10
times within our set of subreddits and (2) interacted
in at least three different subreddits within our list.
We remove all usernames ending with ‘bot’, which
is how bots are commonly referred to on Reddit
(e.g., ‘u/sneakpeekbot’), and we manually check
usernames including ‘mod’, which is often used

3We use the Pushshift API dumps and search for posts and
comments from 2008 until 2024.

4YouTube data collected using the YouTube Data API.
5List of subreddits and YouTube searches in Appendix A.

to refer to automatic moderators. Finally, we omit
posts including URLs and select a maximum of
one post for each remaining user.

YouTube. As our goal is to collect videos spoken
in the first person by individuals belonging to our
target group, we query the API using the combina-
tion of ‘vlog’ and a keyword. To further clean the
retrieved list of videos from non relevant content
(e.g., documentaries) we filter in only the videos
where the title is written in first person by check-
ing for first-person pronouns (e.g., ‘I’, ‘we’, ‘my’,
‘us’). Then we use the YouTubeTranscriptApi to
scrape the caption of our final set of videos.

To support a more robust analysis of the lan-
guage style, we retain only instances (Reddit posts
and YouTube captions) with at least 50 words.

3.2 Upper SES

On the other hand, online communities gather-
ing around subreddits like r/Rich or r/millionaire
mainly attract individuals seeking advice on how
to achieve a higher level of wealth. In fact, upper
SES individuals rarely explicitly discuss their own
wealth (Hing et al., 2019). Instead, hobbies have
been shown to be a highly distinctive dimension for
upper SES and a symbol of social identity (Bour-
dieu, 1984). We center our data collection for the
upper SES around lifestyle, hobbies, and leisure
activities. Sawert and Bachsleitner (2021) analyzes
how upper-class families use specific sports and
classical music to transmit privilege across gen-
erations. Based on previous literature (Engstrom,
1974; Hwang et al., 2012; Post et al., 2018; Eime
et al., 2015; Friedman and Reeves, 2020; Arnold-
Forster, 2022; Schmitt et al., 2020; Sawert and
Bachsleitner, 2021; Cuijuan and Hai, 2023), we
collect a list of hobbies and leisure activities (e.g.,
golf, sailing) that are distinctive of the upper SES
and we employ it for systematic data collection on
Reddit and YouTube. Then, we use the same clean-
ing process as for the lower SES (see Section 3.1).

3.3 Dataset Validation

While collecting data from social media is mostly
straightforward, inferring users’ SES is a more
complex matter. As detailed in Sections 3.1 and 3.2,
we identified SES-based communities from previ-
ous literature about SES topics of interest. Here,
we externally validate our dataset to further ensure
the soundness of our strategy. Flekova et al. (2016)
showed how the readability of text correlates with
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Metric Lower SES Upper SES

ARI∗ 7.18 7.36
Coleman-Liau∗ 6.16 6.43
Dale-Chall∗ 8.45 8.76
Flesch-Kincaid∗ 7.04 7.18
Flesch-Reading∗ 73.99 72.45
Gunning-Fog∗ 9.12 9.29
Linsear 8.81 8.88

Table 2: Mean Readability Scores per SES Group
(Reddit). (∗) indicates a statistically significant differ-
ence in the distributions of readability scores (p < 0.05)
between lower and upper SES, as determined by a Mann-
Whitney U test (Mann and Whitney, 1947).

income. Their findings are consistent with obser-
vations that readability correlates with education
(Davenport and DeLine, 2014), which has an impor-
tant role in determining SES (Bourdieu, 2018). Fol-
lowing Basile et al. (2019) we validate our dataset
against Flekova et al. (2016)’ results on readability
metrics: Automated Readability Index (ARI; Smith
and Senter, 1967), Coleman Liau Index (Coleman
and Liau, 1975), Dale Chall Readability Score
(Dale and Chall, 1948), Flesch-Kincaid Grade (Kin-
caid et al., 1975), Flesch-Reading Ease (Flesch,
1948), Gunning Fog (Gunning, 1952) and Linsear
Write Formula (U.S. Air Force, 1975).6 Readability
metrics are designed to estimate a text’s complex-
ity, typically by analyzing the average number of
syllables per word and words per sentence. Follow-
ing Flekova et al. (2016) and Basile et al. (2019),
we expect the readability scores to increase from
the lower SES to upper SES subsets, except for
Flesch-Reading Ease, which, by definition of the
metric, leads us to expect an inverse correlation. Ta-
ble 2 reports the readability metrics on our dataset,
where the scores follow the expected trends.7 The
differences are statistically significant according
to a Mann-Whitney U test (Mann and Whitney,
1947). Similar to Basile et al. (2019), only the
Linsear Write Formula does not show a significant
difference across SES groups.

4 LLM-Generated Data

To analyze whether and to what extent LLMs em-
ulate in-community language style based on the
input prompt, we generate social media data start-

6We use the implementations of textstats: https://
github.com/textstat/textstat.

7Readability metrics are designed for written language.
Therefore, the metrics in Table 2 refer to the Reddit dataset.
For completeness, we also report the readability scores of the
YouTube portion of the dataset in Appendix B.

ing from the data we collected. Following Reinhart
et al. (2025) we split each instance in our dataset
(Reddit posts and YouTube captions) in two parts.
We use the first part (i.e., 25 words) as a language
cue for the input prompt and instruct the models
to complete the text. We use the second part (i.e.,
the remaining text) as a comparison with the LLM-
generated content. We analyze three variations of
the prompt, which increasingly explicit the models
to adapt their output with respect to the input:

1. Implicit (IMP): “Complete the following
[Reddit post / caption for a YouTube video].
Only generate the completion and nothing
else. \n{text}”;

2. Explicit Language Style (ELS): “Complete
the following [Reddit post / caption for a
YouTube video] using the same style, tone,
and diction of the first part. Only generate the
completion and nothing else. \n{text}”;

3. Explicit Language Style + SES (ELS-SES):
“Complete the following [Reddit post / cap-
tion for a YouTube video] written by a user
from a [lower / upper] socioeconomic status
using the same style, tone, and diction of the
first part. Only generate the completion and
nothing else. \n{text}”.

We experiment with Gemma-3-27B-it (Team
et al., 2025), Mistral-Small-3.2-24B-Instruct-
2506 (Mistral AI, 2025), Qwen3-30B-A3B-
Instruct-2507 (Qwen Team, 2025), and GPT-
5 (OpenAI, 2025). For inference, we generate one
chat completion per prompt with the default tem-
perature. Finally, we depict the hardware, inference
costs and environmental impact in Appendix E.

5 Linguistic Analysis

We rely on 94 sociolinguistic metrics to analyze
the style of lower and upper SES communities, as
well as the style of the LLM-generated text.

Biber features. We use Douglas Biber’s set of
67 linguistic categories collected from Biber (1991,
1995), and normalize them by the instance length.
The set includes lexical, grammatical, and rhetori-
cal features (e.g., pronouns, tense, place and time
adverbials, discourse particles, adjectives before a
noun). We report the full list in Appendix C.8

8We rely on the implementation of the pseudobibeR pack-
age: https://github.com/browndw/pseudobibeR.

https://github.com/textstat/textstat
https://github.com/textstat/textstat
https://github.com/browndw/pseudobibeR
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Part of Speech. Texts with more nouns and arti-
cles as opposed to pronouns and adverbs are con-
sidered more formal (Pennebaker et al., 2003; Arg-
amon et al., 2009; Rangel et al., 2014). We use
Spacy’s POS-tagger and normalize each count by
the length of the instance.

Length. As shorter words are considered more
readable (Gunning, 1969; Pitler and Nenkova,
2008), and following Flekova et al. (2016), we
calculate the number of words, syllables, lexicon,
sentences, characters, letters, polysyllables, and
monosyllables.

Style. We assess the level of concreteness using
the list proposed by Brysbaert et al. (2014). In this
collection, each word is labeled on a scale from one
(abstract) to five (concrete). We compute the level
of concreteness as the mean value of the words
in a text. Additionally, we compute the entropy
and utilize Spacy to determine the maximum depth
of the syntax dependency trees as a measure of
syntactic complexity. Last, following Cercas Curry
et al. (2024) we compute the ratio of named entities
(NE), and the ratio of hapax legomena.

6 Results

6.1 Reddit

In Figure 2, we show our results on Reddit data
across three prompts of increasingly explicit lan-
guage style and four state-of-the-art open and
closed-source models (Section 4). We report fea-
tures that are statistically significantly different
according to a Mann-Whitney U test (Mann and
Whitney, 1947) between lower SES (↓SES) and up-
per SES (↑SES) online communities, with a Holm-
Bonferroni correction (Holm, 1979) applied to con-
trol for multiple comparisons at an α = 0.01. We
report the complete results in Appendix D. To facil-
itate visualization, in the forest plot in Figure 2, we
use lower SES humans as an anchor and compare
the frequency ratio of the features against it.

Biber features. Individuals from upper SES com-
munities tend to have a wider and more sophisti-
cated vocabulary (Du et al., 2022). These differ-
ences emerge in our results through higher values
of ‘mean_word_length’ and token type ratio for
upper SES over lower SES communities. In re-
spect, LLMs generate sequences with similar word
length for both communities, except when prompt
3 (ELS-SES) makes the SES group explicit: In this

case, all four LLMs exacerbate the differences by
generating even shorter (longer) words than the cor-
responding lower (upper) SES communities. The
token type ratio of generated text is always lower
than that of human-written text, indicating a more
repetitive use of language. The use of ‘that’ as a
subject indicates simpler and more colloquial syn-
tactic structures, which are more frequent among
lower SES. LLMs generally generate this structure
with a higher frequency with respect to the corre-
sponding human-written text (except for Gemma).
Trends across the lower and upper SES generated
texts are mixed across prompt types for all four
models, indicating that LLMs do not pick up on
the use of ‘that’ as a subject.

Part of Speech. The higher rate of determiners
(‘det’) in the language used by the upper SES is
largely reflected in the output of all four LLMs,
with prompt 3 exacerbating this gap. The differ-
ent rates of nouns in lower and upper SES lan-
guage are not substantial in the corresponding
lower and upper SES-generated text, except for
the output of Mistral and Qwen for prompt 3. In
this case, however, both models generate an op-
posed trend with respect to the lower/upper human-
written text. Finally, in-community language con-
tains a higher rate of verbs, pronouns (including
‘pron’ and ‘first_person_pronouns’), and adverbs
(‘time_adverbials’, ‘downtoners’) for lower SES
(Jones and McMillan, 1973; Shi and Lei, 2021),
indicating a more informal style (Pennebaker et al.,
2003; Argamon et al., 2009; Rangel et al., 2014).
The ratio of these PoS in the LLM-generated text
follows the respective lower and upper SES com-
munities trend, with exacerbated differences when
including the SES in the prompt (prompt 3).

Length. LLMs have a general bias towards ver-
bosity (Saito et al., 2023). Consistently, in our ex-
periments, LLM-generated text is generally longer
than human-written text. Especially Gemma and
GPT generate text that is approximately twice as
long as the corresponding human version, for all
three prompt types. Mistral tends to generate
shorter sequences of text and, similarly to Qwen,
to differentiate more between lower and upper SES.
However, both models generate longer sequences
for upper SES and shorter sequences for lower SES
(especially when using prompt 3), which contrasts
with the trend observed in lower/upper communi-
ties. In fact, individuals with upper SES tend to
express themselves with fewer words, likely due to
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Figure 2: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit. We only show the
linguistic features (31) with a statistically significant difference with correction (p < 0.01; Mann and Whitney,
1947; Holm, 1979) in usage between lower SES (↓SES; rate = 1) and upper SES (↑SES) human writers. Each point
indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human text from the ↓SES
group. These comparisons are presented across four models and three prompts (see Section 4). Feature types are
color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and style features are
black.
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Figure 3: Comparison of Linguistic Features on YouTube. This plot displays only the linguistic features, not
present in Reddit results, that show a statistically significant difference (p < 0.01, corrected) between lower SES
(↓SES) and upper SES (↑SES) human writers. Each point represents the frequency ratio of a feature relative to the
↓SES human group. Feature types are color-coded: Biber (cyan), length (dark violet), PoS (red), and style (black).

a wider vocabulary (Bassignana et al., 2025).

Style. Bernstein (1960) posits that individuals
from upper SES families are more encouraged to
use language for abstract thinking in contrast to
people from lower SES families, who are exposed
to more concrete concepts. This difference is re-
flected in the language style adopted by lower and
upper-SES communities on social media. LLMs
pick up on the different levels of concreteness
within various communities to a limited extent,
which is further amplified in the results obtained
with prompt 3. The hapax legomena is higher for
lower SES communities (as well as to a smaller
extent, the entropy) that we speculate being a con-
sequence of lower SES language containing more
non-standard expressions and slang with respect to
the upper SES counterpart (Lansley and Longley,
2016). LLM-generated text does not capture these
differences across SES communities (prompts 1
and 2). When making SES explicit (prompt 3),
Mistral and Qwen differentiate the text; however,

the results trend in the opposite direction compared
to human values (i.e., lower values of hapax legom-
ena for the completion of the lower SES prompts).

Overall, we report little differences between
the results obtained with the first and the sec-
ond prompt strategies (IMP, ELS), indicating that
LLMs do not easily pick up the language cues of
the input text, even when explicitly prompted to
replicate the style. When the input prompt contains
explicit information about the social community
to emulate (lower or upper SES), LLMs differenti-
ate the generated output more distinctly. However,
language differences are often exaggerated with
respect to human values or do not accurately reflect
the real trends across SES communities.

6.2 YouTube

In Figure 3, we show our results on YouTube data
for prompts 1 and 3 (IMP and ELS-SES), focus-
ing on the features that are distinctive of spoken
language (i.e., that are not statistically significantly
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Figure 4: Average absolute logarithm of the ratio be-
tween model and human text across increasing context.

different in Reddit as well). We report the complete
results in Appendix D. As for Reddit, LLMs gener-
ally struggle to match the right register in terms
of formality. The results for informality mark-
ers, such as contractions and stranded prepositions,
show inverse trends with respect to both lower-
and upper-SES communities. The language of up-
per SES communities is characterized by higher
syntax complexity: LLMs correctly identify the
association with present participial postnominal
(‘present_participle_whiz’) and increase their us-
age when generating upper SES text (except Mis-
tral and GPT for prompt 3), but under-produce
perfect aspect. All four models tend to exhibit the
correct lower/upper SES trends in terms of indef-
inite pronouns, with less frequent usage in upper
SES communities, although with varying propor-
tions compared to human language. Instead, they
undergenerate demonstrative pronouns and fail to
differentiate across SES community trends.

Similar to the Reddit results, all models demon-
strate some ability to modulate their style, partic-
ularly with the explicit ELS-SES prompt. How-
ever, their ability to accurately replicate the specific
linguistic profile of a language community varies
substantially, often resulting in approximation or
caricature rather than precise emulation of the in-
community language style.

7 Ablation Study on the Input Context

We investigate the impact of context length on
LLMs’ tendency to pick up on linguistic cues from
the input prompt and modulate the language style
of the output accordingly. We use the same method-
ology presented in Section 4, but we experiment
with increasingly long input contexts. We filter the
instances with at least 100 words and split them
using, respectively, the first 20, 40, 60, 80 words
for prompting and the rest for the comparison with

the LLM-generated text. For this investigation, due
to computational constraints, we focus on Reddit,
leave out prompt 2 (ELS), and experiment with
Gemma only. Figure 4 presents the aggregated
results, showing the average absolute logarithmic
ratio between human and LLM text for lower and
upper SES, respectively, across all features.9 We
observe: (1) Only minor variation across increas-
ing context length (and mainly for prompt 3), indi-
cating that LLMs rely on linguistic cues from the
input prompt to modulate their output for different
language styles only to a minor extent. (2) When
increasing the context to 80 words, the ratio be-
tween human and LLM is smaller for upper SES,
indicating a latent tendency of LLMs (Gemma) to
integrate better within upper SES language style.

8 Discussion and Conclusion

Language style is closely tied to SES (Block, 2020).
We investigate the extent to which LLMs adapt
their style to language variation across lower and
upper SES communities. We compare the stylis-
tic variation of online SES communities against
LLM-generated text. While the language adopted
by lower SES is less formal, less predictable due to
the jargon adopted, and more concrete, LLMs mod-
ulate their style to SES in-community language
only to a limited extent, often resulting in approxi-
mation or caricature rather than accurate emulation.
A longer context does not facilitate LLMs in cap-
turing the style of different language communities.
Notably, our ablation study indicates a latent ten-
dency for models to better emulate the style of
upper SES communities compared to lower SES.

Our findings reveal severe consequences for the
widespread adoption of LLMs for communication:
if LLMs modulate their style more easily towards
certain communities than others, they directly con-
tribute to exacerbating social inequalities (Capraro
et al., 2024). Communities that are not accurately
represented may experience a degraded user experi-
ence, hindering the adoption of these technologies
(Davis, 1989), and ultimately contributing to the
exacerbation of the so-called ‘AI-gap’ (Bassignana
et al., 2025). Additionally, our results pose a new
challenge to the validity of using LLMs to emulate
humans for agent-based social simulation and re-
search relying on language style as a social signal
(Argyle et al., 2022; Aher et al., 2022).

9We leave out of this analysis the features related to the
length to focus on the style.
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Limitations

While our study reveals important disparities in
how LLMs model sociolinguistic variation, it is
limited in terms of:

• Dataset: Our analysis focuses on two social
media platforms. Language patterns differ
based on the affordances and specific commu-
nities of each platform.

• Operationalisation of SES: As previous
work on NLP and SES, our analysis uses prox-
ies rather than self-reported or objective mea-
sures of SES. In addition, we do not consider
a middle-SES.

• Choice and scope of linguistic measures:
We used a set of 94 surface metrics supported
from previous studies in sociolinguistics; how-
ever, it is not exhaustive, and it is possible they
might miss something more nuanced.

• Prompt design: LLM outputs are strongly de-
pendent on the prompt used to generate them.
While we test three different prompt varia-
tions, it is possible that a different prompt or
prompting strategy would result in stronger
variation.

• Models: We tested a limited number of mod-
els, and new models are published regularly.
It is possible that our findings may not hold
across future model versions.

Ethical Considerations

For the analysis proposed in the paper, we utilize
Reddit data from the Pushshift API dumps and
YouTube data scraped using the YouTube Data
API, adhering to the developer guidelines of the
respective platforms. We do not collect any user-
identifiable information (i.e., Reddit and YouTube
usernames).
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A Data Collection

Lower SES.

• Subreddits list: povertyfinance, povertyk-
itchen, frugalmalefashion, FrugalFemaleFash-
ion, FrugalLiving, TrueFrugal, FrugalShop-
ping, poor, Frugal, Cheap_Meals.

• YouTube searches: low income, living on min-
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stamps experience, living paycheck to pay-
check, budgeting on minimum wage, food
bank haul, food pantry haul, public housing
tour, homeless, unemployed, section 8 apart-
ment tour, feeding a family on a budget, living
in poverty, eviction.

Upper SES.

• Subreddits list: RichPeoplePF, fatFIRE, Phi-
lanthropy, golf, Rowing, horseracing, Eques-
trian, Horses, tennis, 10s, Shooting, Compe-
titionShooting, Hunting, polo, sailing, opera,
classicalmusic, FineArt, FineArtPhoto, litera-
ture, Fencing, Fieldhockey, yachting.

• YouTube searches: golf, rowing, eques-
trian, tennis, horse riding, sailing, fine arts,
opera, classical music, literature, fencing,
field hockey, yachting, yacht.

B Readability Metrics YouTube

Readability metrics are designed for written lan-
guage, which is in principle different from spo-
ken language (Tannen, 1982; Ortmann and Dipper,
2019). However, for completeness, here we report
the readability metrics computed on the YouTube
portion of our dataset. As these metrics typically
normalize by sentence length, and YouTube tran-
scripts are not split into sentences, we first run the
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Metric Lower SES Upper SES

ARI 4.03 3.78
Coleman-Liau 4.19 4.17
Dale-Chall 7.19 7.28
Flesch-Kincaid 4.61 4.21
Flesch-Reading∗ 85.01 85.71
Gunning-Fog 6.81 6.30
Linsear 6.73 5.87

Table 3: Mean Readability Scores per SES Group
(YouTube). (∗) indicates a statistically significant differ-
ence in the distributions of readability scores (p < 0.05)
between lower and upper SES, as determined by a Mann-
Whitney U test (Mann and Whitney, 1947).

wtpsplit sentence tokenizer.10 Differently from
Reddit, the metrics computed on YouTube captions
do not differ significantly between SES communi-
ties (except for Flesch-Reading).

C Biber’s Features

Below we list the full set of Biber’s features
adapted from Biber (1991, 1995) that we compute
using the pseudobibeR library.11

Tense and aspect markers

• past_tense: Past tense

• perfect_aspect: Perfect aspect

• present_tense: Present tense

Place and time adverbials

• place_adverbials: Place adverbials (e.g.,
above, beside, outdoors)

• time_adverbials: Time adverbials (e.g.,
early, instantly, soon)

Pronouns and pro-verbs

• first_person_pronouns: First-person pro-
nouns

• second_person_pronouns: Second-person
pronouns

• third_person_pronouns: Third-person per-
sonal pronouns (excluding it)

• pronoun_it: Pronoun it
10https://github.com/segment-any-text/

wtpsplit/
11https://github.com/browndw/pseudobibeR.

• demonstrative_pronoun: Demonstrative
pronouns (that, this, these, those as pronouns)

• indefinite_pronoun: Indefinite pronouns
(e.g., anybody, nothing, someone)

• proverb_do: Pro-verb do

Questions

• wh_question: Direct wh-questions

Nominal forms

• nominalization: Nominalizations (ending
in -tion, -ment, -ness, -ity)

• gerunds: Gerunds (participial forms function-
ing as nouns)

• other_nouns: Total other nouns

Passives

• agentless_passives: Agentless passives

• by_passives: by-passives

Stative forms

• be_main_verb: be as main verb

• existential_there: Existential there

Subordination features

• that_verb_comp: that verb complements
(e.g., I said [that he went])

• that_adj_comp: that adjective complements
(e.g., I’m glad [that you like it])

• wh_clause: wh-clauses (e.g., I believed [what
he told me])

• infinitives: Infinitives

• present_participle: Present participial ad-
verbial clauses (e.g., [Stuffing his mouth with
cookies], Joe ran out the door.)

• past_participle: Past participial adverbial
clauses (e.g., [Built in a single week], the
house would stand for fifty years.)

• past_participle_whiz: Past participial
postnominal (reduced relative) clauses (e.g.,
the solution [produced by this process])

https://github.com/segment-any-text/wtpsplit/
https://github.com/segment-any-text/wtpsplit/
https://github.com/browndw/pseudobibeR
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• present_participle_whiz: Present par-
ticipial postnominal (reduced relative) clauses
(e.g., the event [causing this decline])

• that_subj: that relative clauses on subject
position (e.g., the dog [that bit me])

• that_obj: that relative clauses on object po-
sition (e.g., the dog [that I saw])

• wh_subj: wh-relatives on subject position
(e.g., the man [who likes popcorn])

• wh_obj: wh-relatives on object position (e.g.,
the man [who Sally likes])

• pied_piping: Pied-piping relative clauses
(e.g., the manner [in which he was told])

• sentence_relatives: Sentence relatives
(e.g., Bob likes fried mangoes, [which is dis-
gusting].)

• because: Causative adverbial subordinator
(because)

• though: Concessive adverbial subordinators
(although, though)

• if: Conditional adverbial subordinators (if,
unless)

• other_adv_sub: Other adverbial subordina-
tors (e.g., since, while, whereas)

Prepositional phrases, adjectives and adverbs

• prepositions: Total prepositional phrases

• adj_attr: Attributive adjectives (e.g., the
[big] horse)

• adj_pred: Predicative adjectives (e.g., The
horse is [big].)

• adverbs: Total adverbs

Lexical specificity

• type_token: Type–token ratio (including
punctuation)

• mean_word_length: Average word length
(excluding punctuation)

Lexical classes

• conjuncts: Conjuncts (e.g., consequently,
furthermore, however)

• downtoners: Downtoners (e.g., barely,
nearly, slightly)

• hedges: Hedges (e.g., at about, something
like, almost)

• amplifiers: Amplifiers (e.g., absolutely, ex-
tremely, perfectly)

• emphatics: Emphatics (e.g., a lot, for sure,
really)

• discourse_particles: Discourse particles
(e.g., well, now, anyway)

• demonstratives: Demonstratives

Modals

• modal_possibility: Possibility modals
(can, may, might, could)

• modal_necessity: Necessity modals (ought,
should, must)

• modal_predictive: Predictive modals (will,
would, shall)

Specialized verb classes

• verb_public: Public verbs (e.g., assert, de-
clare, mention)

• verb_private: Private verbs (e.g., assume,
believe, know)

• verb_suasive: Suasive verbs (e.g., com-
mand, propose, insist)

• verb_seem: seem and appear

Reduced forms and dispreferred structures

• contractions: Contractions

• that_deletion: Subordinator that deletion
(e.g., I think [he went])

• stranded_preposition: Stranded preposi-
tions (e.g., the candidate that I was thinking
[of])

• split_infinitve: Split infinitives (e.g., He
wants [to convincingly prove] that . . . )

• split_auxiliary: Split auxiliaries (e.g.,
They [were apparently shown] to . . . )
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Co-ordination

• phrasal_coordination: Phrasal coordina-
tion (N and N; Adj and Adj; V and V; Adv and
Adv)

• clausal_coordination: Independent
clause coordination (clause-initial and)

Negation

• neg_synthetic: Synthetic negation (e.g., No
answer is good enough for Jones.)

• neg_analytic: Analytic negation (e.g., That
isn’t good enough.)

D Extended Results

In Figure 5, Figure 6, and Figure 7, we show the
full feature list results for Reddit. Moreover, in Fig-
ure 8, Figure 9, and Figure 10, we show the full
feature list results for YouTube.

E Inference Experiments

For running GPT-5, we use the OpenAI12 API. The
costs of running inference on all data took around
112 USD. For running inference of the local models
(Gemma3, Mistral, Qwen3), we make use of a large
HPC cluster with hardware configurations compris-
ing multiple nodes (depending on model size; e.g.,
30B models require 4 nodes for training and 1 node
for inference), each with node contains eight AMD
MI250x GPU modules alongside a single 64-core
AMD EPYC “Trento” CPU. The library we use for
inference is vllm (Kwon et al., 2023). For all the
experiments it resulted in around 16 GPU hours
spent.

E.1 Environmental Impact
We acknowledge that conducting a large-scale anal-
ysis using LLMs comes with an environmental im-
pact. Experiments were conducted using private
infrastructure in [Redacted] running on green en-
ergy. A cumulative of 16 GPU hours of computa-
tion was performed on AMD MI250x GPU mod-
ules, which has a TDP of 500 Watts. The exper-
iments were ran in September 2025. During this
time, the average carbon efficiency in [Redacted]
was 0.046 kg/kWh.13 This means we released
about 0.368 kg of CO2 equivalent. Estimations

12https://platform.openai.com/
13According to https://app.electricitymaps.com/

map.

were conducted using the Machine Learning Im-
pact calculator14 presented in (Lacoste et al., 2019).

14Find the tool here: https://mlco2.github.io/
impact.

https://platform.openai.com/
https://app.electricitymaps.com/map
https://app.electricitymaps.com/map
https://mlco2.github.io/impact
https://mlco2.github.io/impact
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Figure 5: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit; Prompt 1, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 6: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit; Prompt 2, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 7: Forest Plots Comparing Linguistic Features of Humans and Models on Reddit; Prompt 3, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 8: Forest Plots Comparing Linguistic Features of Humans and Models on Youtube; Prompt 1, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 9: Forest Plots Comparing Linguistic Features of Humans and Models on Youtube; Prompt 2, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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Figure 10: Forest Plots Comparing Linguistic Features of Humans and Models on Youtube; Prompt 3, Full
Features. The plots display linguistic features between lower SES (↓SES; rate = 1) and upper SES (↑SES) human
writers. Each point indicates the frequency ratio of a feature in a model’s (or human’s) output compared to human
text from the ↓SES group. These comparisons are shown across four models and three prompts (see Section 4).
Feature types are color-coded: Biber features are cyan, length-specific features are dark violet, PoS tags are red, and
style features are black.
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