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Abstract
Human language is increasingly written rather than just spoken, primarily due to the
proliferation of digital technology inmodern life.This trendhas enabled the creation of gen-
erative artificial intelligence (AI) trained on corpora containing trillions of words extracted
from text on the internet. However, current language theory inadequately addresses digi-
tal text communication’s unique characteristics and constraints. This paper systematically
analyzes and synthesizes existing literature to map the theoretical landscape of digitized
language. The evidence demonstrates that, parallel to spoken language, features of written
communication are frequently correlated with the socially constructed demographic iden-
tities of writers, a phenomenon we refer to as “digital accents.”This conceptualization raises
complex ontological questions about the nature of digital text and its relationship to social
identity. The same line of questioning, in conjunction with recent research, shows how
generative AI systematically fails to capture the breadth of expression observed in human
writing, an outcomewe call “homogeneity-by-design.” By approaching text-based language
from this theoretical framework while acknowledging its inherent limitations, social scien-
tists studying language can strengthen their critical analysis of AI systems and contribute
meaningful insights to their development and improvement.

Keywords: large language models; computational text analysis; AI homogenization; sociolinguistics;
sociology

Introduction
Much has been written about the dominance of screens in daily life, especially in dig-
ital technology like computers and cell phones. Producing and consuming text on
those screens has become integral in the era of digital technology – not just in the
United States, but around theworld, even in highly remote communities (Porter, 2012).
There is a robust literature from the cognitive and non-cognitive social sciences that
has examined the relationship between spoken (and signed) language and society;
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however, given the increasing ubiquity of (almost always digitized) text, written lan-
guage should receive more scholarly attention as a fundamental medium of language,
communication, and social interaction. This is especially true in light of develop-
ments in generative artificial intelligence (AI) and large languagemodels (LLMs)which
enable anyone with access to the internet to have an LLM produce text based on any
given prompt.

We draw on recent studies of AI, text analysis, language, and sociology to illumi-
nate the origins and implications of two theoretical constructs we introduce: digital
accents and homogeneity-by-design. Sociolinguists have long studied variation in spo-
ken language and its relationship to demography, identity, and social context. Our
paper brings together disparate lines of recent research that suggest similar patterns
in written language: a strong relationship between demography, writing, text, and var-
ious social outcomes and conditions. In doing so, we highlight how our theories point
to key tensions in established modes of conceptualizing and studying language and AI.
These tensions matter because failing to address them could leave language scholars
on the outside looking in when it comes to the ethical development of generative AI
and to grounded, thoughtful critiques of this technology. Though this paper is primar-
ily focused on conceptual and theoretical development, we supplement our arguments
(particularly those concerning the concept of homogeneity-by-design) with insights
from a survey of dual-language teachers in the United States.

While this paper takes more of a critical perspective on relationships between writ-
ten language, AI, and society, we also want to be clear that our goal is not to argue
that generative AI and LLMs are inherently bad or good. Rather, we argue that these
technologies have important implications for the ways that humans use language and
communicate, and that social scientists must reexamine extant theories and perspec-
tives in order to effectively grapple with written language and society, especially given
the advances made over a short period of time with large language models. We con-
clude by highlighting the ways that social scientists studying language could contribute
to a broader understanding of generative AI and LLMs in two ways. One could be by
developing an informed critique of LLMs, their uses and development, and their impli-
cations for human language practices. Another way could be through the provision
of linguistic expertise to computer scientists about language and society in order to
promote ethical and equitable generative AI development.

Digital accents
The well-known saying “everyone has an accent” has been used by language schol-
ars to argue that there is no “good” or “bad” language. Instead, the ways we speak,
our vocabulary, grammatical construction, pronunciation, and other language fea-
tures are all substantially associated with demography (e.g., race, gender, social class,
geography). Of course, demography is not destiny; there is no inherent or essential-
ist reason why people who share a particular racial identity, gender identity, social
class, or geographic location would necessarily use similar language patterns. Indeed,
we are wary of associating these identities or experiences too closely with language
practices, lest we fall into the trap of endorsing commonplace ideologies that associate
language practices with social identities such as race regardless of the actual features of
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individuals’ language use (Flores & Rosa, 2015; Kutlu, 2023; Rubin, 1992). Put differ-
ently, we are not suggesting a causal or deterministic relationship between identity and
language but a correlational one. Recognizing such correlations can open up impor-
tant lines of inquiry. Specifically, we consider correlations between named categories of
race, gender, social class, education, and other social markers used by social scientists,
governments, corporations, and everyday people with features of primarily digitized
written language.We are intentional with our wording here: the categories of demogra-
phy are socially constructed yet remain useful in understanding trends among groups
of people, particularly marginalized communities at the most risk for technological
harm.

At the same time, it is essential to acknowledge that speech communities are shaped
by the interconnected social systems that structure our society. For example, the like-
lihood that two individuals will regularly communicate and identify with each other –
and thus may engage in similar speech practices to strengthen this communication
and identification – may well be influenced by the geographic proximity, occupations,
and social circles of these individuals, which are in turn shaped by systems such as city
zoning ordinances, labor and housing markets, and the long history of redlining and
other forms of systemic racism, many of which persist to the present day (Labov, 2010;
Rey & Knaap, 2024; Rothstein, 2017). Insofar as these systems shape social interac-
tion, they can also contribute to correlations between social identities and individuals’
language practices (Fishman, 1997). Understanding language in this way allows us to
analyze how our speech is related to grounded social conditions, and the abundance of
data reflecting these social conditions has reinvigorated the study of language in society
across disciplines in addition to its centrality to sociolinguistics.

Notably, a growing body of literature from many different social science disciplines
has found similar relationships betweenwritten text with demography (e.g., spatial and
geographic distributions of people) and the socially constructed identities used to study
and discuss demography (e.g., racial and gender identities), suggesting that writers also
have “accents” akin to spoken accents. Such ideas have long circulated in the arts and
humanities in the form of authorship controversies (Ostrowski, 2020), and have been
the subject of quantitative research in the social and computational sciences (Mosteller
& Wallace, 1963; Stuhler, 2024). For example, recent work has found that the socioeco-
nomic backgrounds and social identities of high school students applying to college are
associated with the topics and word choices in their admissions essays (Alvero, 2023;
Alvero et al., 2020; Alvero et al., 2022; Alvero & Pattichis, 2024). In fact, this associ-
ation is even stronger than the association between socioeconomic background and
standardized test scores (Alvero et al., 2021), further highlighting the social dynamics
at play in written language. Similarly, analyses of scientific abstracts and patents reveal
small associations between authors’ socially constructed gender identities and the rate
at which certain writing features (e.g., questions, pronouns, past-tense verbs) are used
(Kedrick et al., 2022) or the relative innovation (measured through a bibliometric
analysis of novelty in published research) of scientific ideas described in dissertation
abstracts and how they are unequally taken up by the global scientific community for
scholars from marginalized backgrounds (specifically women and racial minorities in
academia) (Hofstra et al., 2020).These discoveries should attract the attention of social
scientists in general and linguists in particular.
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There is no reason to believe such associations originate from inherent or essential
attributes of individuals. Instead, a more parsimonious explanation for such associ-
ations is that they arise from well-documented socialization processes, such as the
gendered socialization of language (Wallentin & Trecca, 2023). Furthermore, such
differences tend to be small; measured variation in writing features within a given
demographic category often appears to be vastly greater than measured variation
between categories. For example, a recent study that found a statistically significant
difference between male and female scientists’ use of past tense in their writing also
found that the standard deviation within each gender category was nearly 50 times
larger than the mean difference between categories (Kedrick et al., 2022). Beyond the
issue of within-category and between-category variation, these differences also illus-
trate how less obvious writing features, such as tense, align along demographic lines.
We expand on this important distinction about digital accents later on in this section.

To the extent between-category variation does exist, this variation is important to
investigate, because it provides an avenue for real-world social structures and power
relations to influence text-based social processes. For example, human college admis-
sions officers (or LLMs assigned to provisionally evaluate college admissions essays)
may exhibit conscious or unconscious biases for and against particular essay topics
or word choices, and such biases may serve as vehicles for socioeconomic class dis-
crimination. Furthermore, some colleges have recently begun the practice of using
LLMs to provisionally evaluate admissions essays (generally marketed as “AI”; for
example, see this news article about the University of North Carolina: https://www.
dailytarheel.com/article/2025/01/university-admissions-essays). Given the possibility
that LLM judgments may turn out to be even more consistently biased than those of
human reviewers (a trend suggested by work like Hofmann et al. [2024] about AI and
dialect bias), this practice carries immense potential for harm. For example, marginal-
ized students who share personal stories that refer to their marginalized identity or
identities might face consistent and opaque forms of algorithmic bias (a not unlikely
scenario given the 2023 Supreme Court ruling on affirmative action and the court’s
approval for students to write about “racial hardship”). While we caution against the
use of LLMs in these evaluative settings, we also argue that it is imperative to critically
investigate the ways in which we know LLMs are already being used, in order to (at the
very least) advocate for informed regulation of such uses and in order to mitigate the
biases that may be created or amplified by such uses.

We refer to associations between social identities and writing features as digital
accents.Weuse this term, rather than alternatives such as “written accents,” for two rea-
sons. First, these patternswere largely unearthed through the analysis of large, digitized
corpora using computational methods. This is why research in this area can identify
subtle patterns (such as the Kedrick et al. [2022] study previouslymentioned) as well as
more plain, straightforward patterns (e.g., peoplewriting about their identity and back-
ground). Second, the term “digital” can help draw attention to the possibility that some
of these patternsmay be, at least in part, artifacts of our increasingly digital society. For
example, studies have found that geotagged social media text varies significantly and
consistently by region (Eichstaedt et al., 2015; H. Huang et al., 2024; Y. Huang et al.,
2016; van Loon et al., 2022); it is at least possible that the rise in both the creation of
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digital text and audiences’ access to such texts can contribute to intentional or inad-
vertent processes of language change and social or geographic differentiation (Bailey
& Durham, 2021; Eisenstein et al., 2014). Regardless, findings from these and other
related streams of research have shown that writing is not a purely idiosyncratic pro-
cess reflective of highly individualized modes of one’s thoughts but instead is reflective
of and intertwined with demography, geography, and social structures.

In spite of the fact that publishers and educational institutions have historically
enforced the standardization of written language, it remains common for writers to
deliberately encode accents, dialectal forms, regionalisms, and other purportedly “non-
standardized” linguistic forms into writing. For example, stage plays like Pygmalion
by George Bernard Shaw and novels like Oliver Twist by Charles Dickens use such
“eye dialect” to give characters Cockney “accents” intended to denote their social loca-
tion. More recently, many internet users of varied identities and backgrounds tend to
use (or appropriate) features of African American Language and other marginalized
language varieties online (Ilbury, 2020; Masis et al., 2023). Recent research has identi-
fied approaches to quantifying and computationally analyzing such practices (see for
example the book by Watson & Jensen, 2020). However, the phenomenon we refer
to as digital accents is far more expansive because recent computational text analyses
point to the existence of diffuse, little recognized, and less obvious “accents” in extant
corpora.

Sociolinguists in the pre-digital era may have sought to use demographic variables
such as ethnicity to shape their analyses – for example, by investigating the frequency
with which Latina/o or non-Latina/o college applicants include Spanish words and
phrases in their admissions essays. Modern computational text analyses have added
important nuances to such questions by showing considerable variation across social
classes and specific Latina/o identities (e.g., Mexican) in the types of Spanish words
used in such essays and the ways these tend to be incorporated into otherwise English
language texts (Alvero & Pattichis, 2024). Furthermore, modern linguistic analyses
have found relationships between text, demography, and socially constructed iden-
tities that had not previously been hypothesized (see e.g., Eckert & Rickford, 2001),
and some of these relationships likely could not have been discovered prior to the
advent of computational tools. Recognizing the obvious and much less obvious ways
that these patterns holdwill be an important step for social scientists studying language
and digital technology.

Regardless of whether digital accents are overt or subtle, surprising or stereotyp-
ical, they matter – in part because modern language technologies like LLMs can be
used to identify and act upon such patterns. This was dramatically demonstrated in
a 2024 study combining linguists and computer scientists which found that many of
the world’s most popular LLM models, when tasked with evaluating testimony from
a hypothetical defendant in a first-degree murder trial, were much more likely to
recommend the death penalty if the defendant’s testimony exhibited (written, tex-
tual) features of African American English than if it did not (Hofmann et al., 2024).
Although such high-stakes uses of LLMs are rare at present, we are concerned that they
may not remain so: generative AI models are reportedly already used to make life-or-
death decisions in armed conflict (Adam, 2024) and are increasingly being tested for
use in other decision-making processes such as college admissions (Knox, 2023). Apart
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from the threat that AI may be used to actively automate social harms, even uses that
appear benevolent or morally neutral carry inherent risks. Ceding human decision-
making to LLMs (or, more accurately, to the small number of companies creating
and maintaining them) could have frightening consequences, simultaneously consol-
idating social power while reducing accountability by obscuring the decision-making
processes associated with that power. Understanding the ways that AI technologies can
reproduce injustice and inequity will better inform efforts at both resistance and reg-
ulation, and social scientists could take the lead in analysis and description to stand
out from the many voices making many claims about generative AI. As more social
processes become reliant on both text and digital technology, it becomes increas-
ingly urgent for social scientists and LLM developers to understand the relationships
between written language and demographics and their implications for fairness and
inequality.

Extending the linguistic maxim that “everyone has a [spoken] accent” to the idea
that “everyone has a written accent” (what we refer to as “digital accents” when exam-
ined using digital means and media) has important social scientific implications.
For example, when we study processes that involve text and evaluation, such as col-
lege admissions and job applications, it is important to consider the extent to which
evaluators’ preferences for specific writing styles are not abstract, neutral preferences
unrelated to societal inequality, but rather preferences for – or against – writing styles
associated with particular demographic groups. The ideology that certain forms of
writing are “standard,” unmarked, and superior to other writing styles is precisely
that – an ideology shaped by societal racism, sexism, class inequality, and other societal
structures (Flores & Rosa, 2015). These same structures and ideologies that repro-
duce societal stratification also influence the creation and interpretation of digital
text, which then becomes incorporated into LLMs and other generative AI models
(e.g., text-to-image, text-to-audio, and text-to-video models that use similar prompt-
ing structures like popular LLM interfaces). Connecting and comparing these trends in
human text back to LLM-generated text will become an important way to understand
the social ramifications of LLMs now and in the future.

Social filters of written language
Historically, literacy has been restricted to those with social and political power. While
gains have been made in global literacy, published work nevertheless falls far short of
reflecting the global diversity of human language. In most societies, the language of
those in power is the language that is most valued and thus most likely to be reflected
in written and published forms (Bourdieu, 1991). This has important implications for
the development of LLMs, which are trained on corpora of what computer scientists
sometimes refer to as “natural language.” This purportedly “natural” language is in fact
a narrow and extensively curated subset of human language practices.These issues have
been subject to scrutiny in the computational research community, such as studies of
hate speech detection datasets finding that text written by Black social media users are
more likely to be labeled as hate speech (Davidson et al., 2019; Sap et al., 2019). More
recently, computer scientists studying peer review data found a sharp uptick in specific
words and phrases, such as “delve,” pointing to “unnatural” trends likely explained by
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the use of LLMs to assist in writing peer reviews (Liang et al., 2024). In this section, we
use prior research and empirical data to describe the social filters that limit the range
of language practices eventually fed into LLMs through training data.

Consider published authors in the United States. Historically privileged demo-
graphic groups such as White Americans are over-represented among copyright
holders, while other populations such as Latina/o Americans are dramatically under-
represented (Brauneis &Oliar, 2018). Societal stakeholders with power over publishing
and writing (e.g., publishers and educators) tend to value the voices of those with com-
paratively greater power, while the voices of those with comparatively lesser power are
often excluded or “filtered out” from the published and written record. This is often
reflected in educational practices, cultural trends, and daily life through things like
the seemingly standardized way that news anchors speak. Thus, written works dis-
proportionately reflect the language practices of those who have held some access to
social power, which reinforces and replicates linguistic hierarchies. Common ideolo-
gies of language justify this filtering process by suggesting that “standard” language is
fixed and homogeneous, despite a broad consensus among linguists that all living lan-
guages are actually heterogeneous and ever-changing (Horner & Weber, 2017). While
it is true that LLMs are trained on as much textual data as possible, it is still the case
that remnants of these social filters persist even in the text that finds its way to training
data. For example, in Hofmann et al.’s (2024) study about dialect prejudice in LLMs,
it is likely that the models had plenty of training data from social media that reflects
African-American English. Despite this, the models still had clear tendencies to dero-
gate dialectal markers in hypothetical social scenarios and attempted to filter it out in
its own way. This has led to calls in the computational research community to apply
critically oriented filters (rather than the purely social filters we discuss here) about the
type of data being used as a means to mitigate these issues (Bender et al., 2021). This
ideological filtration process results in a written linguistic record that does not reflect
the diversity of human language but instead reflects a narrowed ideological construct
depicting what language is prescriptively imagined to be.

This filtering process is not absolute, but it is nevertheless real and empirically
measurable. Here, we illustrate the filtering process using survey data from a recent
mixed-methods study designed to capture US dual language immersion teachers’
beliefs about translanguaging –deviations froman imaginedmonolingual “standard” –
in the context of classroom writing instruction in science. The survey was conducted
in early 2024 among 259 teachers across the United States working in schools with
Spanish–English dual language instruction programs.The survey included Likert-type
items asking teachers how acceptable it was for student writers to deviate from an
imagined monolingual “standard” at different stages of the writing process by using
features of African American Language (Figure. 1) or by mixing features of Spanish
and English in their writing (Figure. 2). We use this survey not as the central focus of
our argument, but merely as a tool for illustrating the gradual filtering process which
constrains linguistic diversity in written corpora.

Each figure shows how, as students move through successive stages of the writ-
ing process, teachers – even teachers accustomed to working with multilingual
students and who actively support multilingualism in their work – appear to become
increasingly uncomfortable with deviations from a purported monolingual “standard”
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Figure 1. In your classroom, how acceptable is it for students to use African American English or other
“non-standardized” dialects or varieties to [do each of the following tasks] during the writing process?

Figure 2. In your classroom, how acceptable is it for students to mix languages to [do each of the
following tasks] during the writing process (e.g., to use Spanish when English is the language of
instruction or vice versa)?

norm. For example, in Figure. 1, 65 of the 259 participating teachers felt it was
“extremely acceptable” for students to use African American English during the initial
(Brainstorming) phase of the writing process; however, when advancing to the second
(Drafting) phase, only 58 teachers still felt this was extremely acceptable, while 5 of the
original 65 now felt it was only “very acceptable” and 2 now felt it was only “somewhat
acceptable.” At each stage of the writing process, as students move closer to the final
(Publishing) phase, fewer and fewer teachers tended to see African American English
as “extremely acceptable” in students’ writing, while more and more teachers tended to
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see it as “not at all acceptable” in students’ writing. Patterns in teachers’ acceptance of
mixing Spanish and English are similar (see Figure. 2).

This filtering process drives student writing toward a norm that is more homoge-
neous than the breadth of students’ everyday language practices. Such filtering effects
occur throughout society as schools, journalistic organizations, book publishers, and
other gatekeepers continually enforce and reinforce homogenization toward an imag-
ined prescriptive linguistic norm. The texts created and disseminated through schools,
journalism, and publishing are then fed into LLMs as training data which has itself
already undergone this filtering process. LLMs are then likely tomirror and perpetuate
this narrow range of linguistic practices, a range of practices disproportionately shaped
by the voices of those with privileged access to technology and publication opportu-
nities. Just as written language in educational contexts is the outcome of “filtering”
that marginalizes diverse linguistic expressions, LLMs build upon and arguably rein-
force this narrowing, amplifying language practices associated with social elites while
excluding and furthermarginalizing linguistic diversity.Their broad use, frompersonal
creative projects to daily processes inside large corporations, also likely contributes to
patterns of linguistic hegemony.

Ontological tensions with the social science of language
A careful reader well-versed in ontological debates about the nature of language
might take issue with our claims about digital accents and whether they are natu-
rally occurring rather than social constructs. Language scholars have long debated
the ontology of language and how we, as social scientists, impose categories onto
practices that are famously resistant to boundaries (Horner & Weber, 2017). The
reification of social and linguistic categories, even when done for overtly anti-
oppressive purposes, can still cause unintended harm (Bucholtz, 2003; King, 2020;
Morgan, 1994). The rise of generative AI complicates these debates even further,
posing new challenges to the ways we define and differentiate among named lan-
guages and language varieties. Generative AI tools will readily act upon users’
requests to differentiate between language varieties: for example, when a user
prompts an LLM to generate text that reflects a particular dialect or variety, such as
Dominican Spanish (e.g., https://www.reddit.com/r/Dominican/comments/14z4l1x/
asking_chatgpt_to_write_in_dominican_spanish/; see Hinojos, 2023), it will produce
text that reflects lexical patterns reminiscent of that particular style (the same is true for
audio and speech). While reifying social and linguistic categories can lead to harmful
stereotyping or over-simplification, we nevertheless argue that associations between
demographic categories and written text, even small and relatively insignificant ones,
inherently contribute to situations in which generative AI tools implicitly or explicitly
reify social and linguistic categories. It is therefore essential for linguists and com-
puter scientists to grapple with the tensions between social patterning in writing and
language and critical issues about the nature of categorization.

Other social sciences have grappled with similar tensions. For example, the sociol-
ogy of race and ethnicity has helped thoroughly debunk the idea that racial identity
is intrinsic, stable, essential, or grounded in phenotypic features such as skin tone.
Rather, race is widely understood to be a social construct (Roth et al., 2023). At the
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same time, sociologists studying race have provided strong evidence that skin tone
is nevertheless related to social outcomes (e.g., discrimination, income stratification)
because of the mediating role that perceptions of skin tone play in mechanisms of sys-
temic racism (Adames, 2023; Keith & Herring, 1991; Monk, 2015). Importantly, these
studies are not conducted because their authors believe or seek to prove that race is an
essential or meaningful construct grounded in skin tone, but instead because widely
held ideologies that associate racial categories with skin tone can help explain the way
certain forms of discrimination operate in our society, and because there is meaning
and value in understanding such mechanisms in order to more effectively disrupt or
address them.

As generative AI becomes more pervasive in modern life, language scholars must
contendwith similar tensions in their work.The developmment and use of LLMs heav-
ily relies on discrete language categories, something that can be easily observed in its
marketing (not least as a machine translation tool). In supervised machine learning,
including the deep learning and transformer architectures that generative AI is built
with, the statistical objective for each model is to label data along a set of discrete
categories correctly: this is often binary (e.g., this text is English or not English) but
also multinomial (e.g., predict which language this text comes from a set of 100 pos-
sibilities). The same is directly true for generative AI: predicting the next token is no
different than the objectives of prior machine learning algorithms for text even though
the scenario presents many more possibilities. It would be challenging for language
scholars to carry out empirical work without acknowledging how language catego-
rization shapes generative AI (even if languages are socially constructed); the same
is true for studying the relationships between LLM output vis-à-vis written language
features that are statistically associated (even to a small degree) with demographic
categories.

Studying language and how it operates in society, even when it conflicts with our
intellectual commitments and theories, must be central to our efforts tomake thought-
ful, critical contributions to public knowledge and discourse (see this statement from
the Linguistic Society of America for one example: https://www.lsadc.org/statement_
on_race; Hudley et al., 2024; Ramjattan, 2022). Sociologists and psychologists study-
ing race and ethnicity have addressed similar tensions, using theoretical lenses such as
color-evasive theory (also known in the literature as “colorblind racism” (Annamma
et al., 2017; Bonilla-Silva, 2021), to show how systematically ignoring (or professing to
ignore) differences between social categories in order to avoid reifying such categories
can have its own unintended and potentially harmful consequences (Bonilla-Silva,
2021; Thomas et al., 2023). For linguists, adopting a similar stance might require more
attention toward situated perspectives that incorporate structural and systemic con-
siderations typically favored by sociolinguistics research. Primarily behavioral and
cognitive theorizations of language are also helpful and important, but complement-
ing them with sociolinguistic perspectives could generate new inroads. Doing so may
also help clarify correlational and causal claims about the relationships with language,
technology, and demography.
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Homogeneity-by-design
While it is true that there is broad interest in generative AI among academics, it is also
true that this technology was not necessarily designed with social scientific applica-
tions in mind. A significant aspect of the popularity of generative AI is its potential
use in business, such as enterprise software, and many of the ideas about what AI can
and should do come from those perspectives. In theory, when used by skilled work-
ers, generative AI could make tasks more straightforward; when used by executives
and high-level decision-makers, it could be used as a way to cut down on employ-
ment costs (i.e., job displacement and automation). These intended applications also
extend to explicitly shaping or reshaping language use in business settings; for exam-
ple, generative AI is actively being used by call centers to alter the spoken accents of
workers to soundmore appealing toAmerican consumers with linguistic biases against
accents associated with marginalized identities (Payne et al., 2024; Ramjattan, 2019).
Essentially, generative AI is not designed to represent the diversity of human language;
it is designed to be (or at least appear to be) relatively homogeneous, plausibly as part
of a business strategy. Reminding ourselves that generative AI and LLMs are primarily
business tools designed for profit rather than scientific, cultural, or social tools can be
useful framing for understanding why homogeneity would be intentionally designed
into these systems.

Recent studies have shown that, compared to humans, LLMs have relatively little
variation in their output, especially compared to patterns in human writing (Agarwal
et al., 2024; Alvero et al., 2024; Anderson et al., 2024; Moon et al., 2024; Zhang et al.,
2025). While there may be technical explanations for this, related to modeling deci-
sions or dimensions of the training data, we argue that AI homogenization is also
an organizational decision on the part of emergent AI companies. Past chatbots that
were also trained on massive amounts of data scraped from the internet demonstrated
much more variation and malleability in their output, such as the infamous example of
Microsoft’s chatbot Tay that was easily manipulated by online trolls to generate sexist,
racist responses to user interactions (Neff & Nagy, 2016). Modern AI companies have
been able to learn from these mistakes in order to develop technology they can credi-
bly market as consistent, low variance, and somewhat predictable, despite working in
a highly inconsistent, high variance, and unpredictable medium (human language).
Others have described analogous trends elsewhere in society as “McDonaldsization,”
when social processes and contexts become more consistent and predictable (Ritzer,
2021). GenerativeAI is similar: nomatter who is creating a prompt, and nomatter what
small idiosyncrasies their prompt might include, they will likely get similar responses
(i.e., homogeneity-by-design).

Computer scientists are trained to consider how any user, regardless of their back-
ground, can use a given piece of hardware or technology (e.g., see the ACM/IEEE
Computer Society Joint Task Force on Computing Curricula, 2013). The trouble is
that this ideal is often pushed aside. In theory, designing with homogeneity in mind
might help ensure a broad range of users can effectively engage with any computa-
tional technology; however, there are many instances where this ideal does not pass
muster (Benjamin, 2019; Haraway, 2013). The potential issues with homogeneity-by-
design become further apparent once we consider the many social scenarios where
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linguistic variation is highly stigmatized and/or suppressed. Schools, especially those
with colonial histories or embedded in colonial or post-colonial contexts, are well-
known sites where linguistic variation manifests and is stigmatized (Mallinson, 2024).
Introducing technology that is deliberately designed to homogenize language has the
potential to produce new, digitally mediated versions of linguistic stratification and
inequality.

Critically, the existence of digital accents means that homogeneity-by-design can
reproduce societal inequality in innumerable ways, some of which may be subtle and
hard for researchers to detect. If there are writing styles, pragmatics, and ways of com-
municating that are correlated with human demographic and geographic categories,
then AI-generated text will likely exhibit an affinity toward approximating the styles
and voices of particular groups, with past studies showing affinity toward high-income,
males (Alvero et al., 2024) or those fromProtestantWestern countries (Tao et al., 2024).
Taken one step further, the burgeoning AI homogenization literature has also found
that even when compared to the language use of these privileged demographic groups,
AI-generated text exhibits less variation than human writers (Zhang et al., in press).
Our current social systems, schools, businesses, and other organizations engage in sim-
ilar homogenization processes – including the filtering described above – in ways that
reproduce social inequality and stratification. Since generative AI also operates in this
way (at least partly by design), it is reasonable to expect that AI, too, could reproduce
social inequality and stratification.

The evolving social science of written language in a world of generative AI
Just as race is a social construct with concrete, real-world material consequences, lan-
guage categories are social constructs with concrete, real-worldmaterial consequences.
While humans would use language regardless of whether or not those languages were
named (unlike race), the ways that languages are named, sorted, stratified, and classi-
fiedmake them amenable to processes where people (i.e., speakers of a given language)
are likewise sorted and stratified based on language (like race and racial categories). For
example, accent- or dialect-focused biases in spoken language serve as mechanisms
for enacting racist and/or nativist discrimination in hiring (Schulte et al., 2024), hous-
ing (Wright, 2023), service industry interactions (Wang et al., 2013), and courtroom
testimony (Romero-Rivas et al., 2022). These same ideologies and biases shape writ-
ten language through the filters described above, and such filters shape LLMs as well.
There is an urgent need for further research by social scientists of language to explore
how specific language ideologies and varied linguistic biases may have already been
incorporated into LLMs in unanticipated ways.

It also suggests an urgent need to examine the language ideologies of the popula-
tions responsible for developing, training, and aligning LLMs: computer scientists in
general, and generative AI engineers and developers in particular. In the short term,
understanding the language ideologies of computer scientists could help researchers
identify and disrupt the types of bias most likely to have been incorporated into the
design of LLMs. In the longer term, understanding the language ideologies of computer
scientists could help inform the design of reforms in computer science education to
address such ideologies proactively.
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To date, some research has begun to explore the language ideologies encoded into
LLMs and the language ideologies of their programmers. This work has found trends
such as the relationship between what is considered “high quality” text for training a
model tending to come from socioeconomically privileged communities or the ten-
dency for LLMs to misclassify non-standard dialects (Gururangan et al., 2022; H ̈ohn,
et al., 2023; Smith et al., 2024). Further quantitative and qualitative work is needed to
understandhow the language ideologies of the broader society shape those of computer
scientists; whether unique language ideologies (or unique mechanisms that reproduce
these ideologies) operate in computer science education and in software companies;
and how different types of educational, regulatory, or grassroots interventions might
disrupt oppressive language ideologies and their effects on LLM development and
alignment.

Additional research is needed to explore how LLMs reproduce (or disrupt) the
language ideologies of their users. LLMs generate text (and, increasingly, audio) for
millions of people worldwide daily. Thus, they represent a unique and powerful plat-
formwhere language ideologies can be reproduced; if the default voice of ChatGPT, for
example, is a voice that invariablywrites and speaks StandardizedAmericanEnglish (or
rather, a variety perceived and described by users as Standardized American English),
this may reinforce the perception of Standardized American English as an unmarked
“voice from nowhere,” when in reality this voice has been shaped by innumerable
ideological filters driven by racism, colonialism, and other oppressive systems.

The increasing ubiquity of LLMsmay alsomake them a uniquely powerful platform
for disrupting oppressive language ideologies. Such disruption will require a critical
analysis of language ideologies and the underlying ontological assumptions of LLM
development. For example, LLM developers have recently begun training models to
produce multiple languages or language varieties. ChatGPT’s new audio interface can
create a variety of different accents and dialects (e.g., English with aDominican accent)
upon request and in real time (see https://www.theverge.com/2024/8/1/24211087/
openai-chatgpt-advanced-voice-mode-demo-accents-language). Taken at face value,
some commentators might argue this is an important step toward solving the prob-
lem of homogenization and disrupting standard language ideology because it enables
ChatGPT to replace a purported Standardized American English with an alternative
(and often marginalized) language variety.

However, there are two problems with this argument. First, incrementally adding
new accents or dialects to an LLM’s repertoire still conceptualizes the world’s languages
as a finite set of clearly differentiated, internally homogeneous types – an ontologi-
cal perspective long ago rejected by linguists, who recognize that variation is a typical
feature of all living languages and that drawing distinctions between languages is a
subjective and political process rather than an empirical one (Horner & Weber, 2017).
ChatGPT’s “Dominican accent” may represent a probabilistic average of linguistic fea-
tures associated with the label “Dominican” in its training corpora. Still, this average
no more conveys the heterogeneity of speech among the 11 million residents of the
Dominican Republic than ChatGPT’s default American voice conveys the heterogene-
ity of speech among 340millionUS residents (to say nothing of themore than 2million
US residents who identify as Dominican). Furthermore, such LLM-generated accents
and dialects will always represent a snapshot of how language varieties existed in the
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past, heavily “filtered” into corpora of training data, rather than representing how lan-
guage varieties exist, vary, and dynamically change in the present. Thus, rather than
solving the homogenization problem, using LLMs tomimic particular accents, dialects,
or varieties simply reproduces the problem of homogenization on a smaller scale.

Furthermore, using LLMs to “mimic” particular accents and dialects at the user’s
request is fundamentally unlikely to disrupt standard language ideology. To reach
this prediction, we conceptualize standard language ideology as a collection of inter-
related stereotypes (associating a particular language variety with qualities such as
“appropriateness” and identities such as “White”) and draw upon the extensive social
psychological research on stereotype change. We recognize that this differs from
many other scholars’ approaches to conceptualizing language ideologies, which often
transcend individual cognition to include societal discourses, practices, policies, or
artifacts that instantiate language ideologies in the physical world (Flores &Rosa, 2015;
Horner & Weber, 2017). Here, however, we apply insights from social psychology to
narrowly examine those components of language ideologies which do reside in the
cognition of individuals.

Research on stereotype change demonstrates that exposure to one (or a few)
strongly stereotype-disconfirming examples does not result in stereotype change but
merely creates newmental subcategories to accommodate new examples (Gershman&
Cikara, 2023). In the case of LLMs, we predict users are likely to perceive features such
as ChatGPT’s “Dominican accent” as fundamentally separate from the “real” voice of
ChatGPT, which will likely remain Standardized American English in the public imag-
ination. Thus, we predict LLM users’ standard language ideologies will be unaffected
by the availability or even the use of these novel accent- or dialect-mimicking features,
and we encourage future researchers to test this prediction.

On the other hand, research on stereotype change also demonstrates that exposure
to many, weakly stereotype-disconfirming examples is more likely to create lasting
change in stereotypes (Gershman & Cikara, 2023). Thus, there may be conditions
under which LLMs can promote change in linguistic stereotypes or broader language
ideologies. For example, imagine if an LLM were redesigned to spontaneously exhibit
many slightly different “default” voices that incorporate different accents, dialects,
or varieties of English. Every voice is from somewhere, and if an LLM randomly
alternated among such voices over time, this might help to disrupt users’ belief in
a single standardized “voice from nowhere” – and by extension, may disrupt stan-
dard language ideology among users. This intervention would require the combined
efforts of applied linguists and computer scientists to test; if successful, such prac-
tices could subtly affect the day-to-day activities of millions of users and could play
an important role in disrupting longstanding language biases rooted in racism and
colonialism.

Of course, one important critique of such an intervention is its potential for
appropriation and for reinforcing stereotypes. In order to avoid these pitfalls, LLM
developers would likely need to draw upon consenting individuals’ own language prac-
tices (not from non-consenting individuals’ data contained in existing corpora, nor
writers’ stereotypical representations of others’ language practices). LLM developers
would further need to ensure just compensation for the people whose language prac-
tices are incorporated to trainmodels.We could imagine an LLM structured as a public
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(rather than private) good: an opt-in LLM that periodically retrains itself on samples
of user-generated input from specific, randomly chosen geographic locations – bas-
ing its own linguistic variation not on preexisting human social beliefs that name and
differentiate language varieties based on political ideologies or racial stereotypes, but
instead on the empirically measured language practices of specific communities. On
Monday, the English-language version of this LLM might write or speak like a person
from London; on Tuesday, Miami; on Wednesday, Kentucky; on Thursday, El Paso; on
Friday, New Delhi. While this would still not completely capture the dynamic nature
and variability of human language, it might help mitigate the homogenization prob-
lem that seems likely to result from current approaches to LLM design grounded in
standard language ideology. Even if this idea were never to be implemented, imagin-
ing alternatives for the ways that LLMs communicate is a helpful exercise that social
scientists could use for theoretical development and scientific communication.

This approach to addressing the homogenization problem could have other added
benefits from an ethical and moral standpoint. The current practice of training LLMs
to imitate particular accents and dialects arguably represents a problematic form of
appropriation; these new applications enable corporations to commodifymarginalized
language practices while doing nothing to help populations marginalized by linguis-
tic oppression directly. Of course, this form of linguistic appropriation long predates
the rise of LLMs; see, for example, Roth-Gordon et al.’s (2020) discussion of the com-
modification of AfricanAmerican Language by advertisers. Linguists have long argued
that it is essential for communities that generate language data to benefit directly
from research or development that uses these data (Hudley et al., 2022; Kouritzin &
Nakagawa, 2018). Periodically re-training models based on the input of users from
randomly selected geographic areas, as we have suggested here, could form a basis for
creating reciprocal,mutually beneficial relationships between LLMs and the communi-
ties that use them. Users whose data are randomly selected for model re-training could
receive financial compensation from the corporation(s) managing such LLMs, opera-
tionalizing principles of economic justice while also incentivizing greater consumer
use of LLMs. Generative AI could function as a public good, not merely a private one.

We do not wish to promote an idyllic or overly credulous view of generative AI,
which can and does readily function as a powerful tool for harm through government
and corporate surveillance, cultural and linguistic appropriation, and the reproduction
of harmful biases and ideologies. At the same time, we worry about the prospect of
social scientists (and applied linguists in particular) eschewing or abandoning work
in generative AI because of its potential for harm when their voices and imagination
will be fundamental to ensuring harm prevention, reduction, and, ideally, elimination
(Bender & Grissom II, 2024). The rise of generative AI brings significant challenges
and important questions with very real, concrete implications for the day-to-day lives
of millions of individuals worldwide. These are challenges and questions that social
scientists in general, and applied linguists in particular, are uniquely positioned to help
address; our work can inform both efforts to resist or regulate harmful uses of AI and
efforts to promote ethical and just uses. If there is ever to be a version of generative
AI that avoids harm and advances equity, its development will require the voices and
insights of many – including those who have dedicated their careers to understanding
language through critical and applied perspectives.
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