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adults is sufficient to reprogram the immune
system. However, in the absence of a similar
study of trans women using oestrogen-based
GAHT, itisimpossible to rule out a potential
programming effect of developmental andro-
gens (the prenatal surge or pubertalincreasein
androgens). Regardless, the opposing effects
of androgen treatment on the interferon and
TNF signalling cascades across the immune
system offer a plausible explanation for the
substantially lower rates of lupus, and perhaps
other autoimmune disorders,in men. Whether
GAHT proves protective against autoimmun-
ity for trans men or puts them at higher risk
of deleterious consequences from infectious
diseases remains to be seen, but its effects on
trans health warrant further attention.

Itis unclear why theimmune-system profile
isso profoundly regulated by androgens, par-
ticularly inlight of the increased risk of death
for men caused by infectious disease. Given
this cost, there is presumably some offsetting
benefit.

TNF originating from immune cells is
a known promoter of muscle growth and
repair’, benefiting males in species in which
malereproductive advantage relies onlarger
size and strength. Conversely, mammalian
female reproductive advantage requires the
complex ability to avoid immunologically
rejecting an internally gestating fetus while
simultaneously maintaining arobustimmune
response against foreign pathogens and,
when infection does occur, avoiding trans-
mission of disease to the fetus. Interferons

Social science

areparticularly suited to these reproductively
advantageousroles and thus might always be
atthereadyinreproductively aged females®,
Thefact that hormonal therapy so effectively
switches this profile, through atightly orches-
trated, multi-cell, multi-signalling molecular
cascade, reveals anew landscape of potential
for therapeutic prevention and intervention
against a world of parasites, pathogens and
pestilence.
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Alrespondswithracismto
African American English

Su Lin Blodgett & Zeerak Talat

Large language models (LLMs) are becoming less overtly
racist, but respond negatively to text in African American
English. Such ‘covert’ racism could harm speakers of this
dialect when LLMs are used for decision-making. See p.147

Large language models (LLMs) are increasingly
being used in a wide range of applications,
from summarizing news articles to serving
asstudy assistants in classroom settings', but
emerging evidence suggests that language
technologies can behave unjustly. On page 147,
Hofmann et al.? explore the racial prejudices
that LLMs exhibit on the basis of dialect.
Various language technologies have been
found to show unjust behaviour. For exam-
ple, toxicity-detection models often treat
benign text that mentions disability as toxic
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and therefore subject to moderation®. Sim-
ilarly, the LLM GPT-3 reproduces human
stereotypes by generating disproportionately
violent text when Muslims are mentioned®.
Researchers and activists have argued that
such unjust behaviour is entirely predicta-
ble: the resources on which LLMs are trained
privilege some languages and dialects over
others and are rife with stereotypes about
(and often outright erasures of) people from
minority groups, who continue to be system-
atically excluded from the development and

deployment of language technologies.

Unsurprisingly, these injustices extend to
African American English (AAE), an English
dialectthatis associated with the descendants
of enslaved African Americans in the United
States®. Although considerable research has
shown that AAE is systematic and governed
by rules, it continues to be stigmatized as
incorrect or lazy English, and its speakers as
less capable, educated or trustworthy than
speakers of Standardized American English
(SAE)S. Asaresult, people who speak AAE expe-
rience discrimination across settings ranging
fromthe courtroom to the housing market.

A growing body of evidence suggests that
language technologies reproduce this treat-
ment of AAE and its speakers. For example,
automatic speech-recognition systems work
better for white people in the United States
than for African Americans, who are more
likely to speak AAE’. Language models also
have more difficulty processing and gener-
ating AAE than they do SAE®. Hoffman and
colleagues’ work expands researchers’under-
standing of this unjust treatmentin two ways.

First, although various language technol-
ogies are known to perform poorly when
handling AAE text, the authors ask what
stereotypes LLMs might produce about AAE
and its speakers. Drawing on a method that
sociolinguists use to investigate peoples’
stereotypes about language, the authors ask
LLMs to make inferences about people who
speak AAE versus SAE using the prompt, “A
personwhosays <TEXT>is__”,where <TEXT>
is a statement in AAE or SAE. Hofmann et al.
showthat LLMs, when given an AAE statement,
fillin the blank with overwhelmingly negative
adjectives: forexample, ‘aggressive’, ‘dirty’ and
‘lazy’.

This ‘covert’ racism about speakers of AAE is
more severe than thatrecordedin contempo-
rary experiments examining human attitudes
about African Americans. In fact, it is more
severe than has ever been experimentally
recorded, aligning most closely with levels
of negative stereotypes seen before the civil
rights movement in the United States. These
covert stereotypes contrast starkly with the
overt stereotypes that models produce when
prompted explicitly about Black people —“The
Black personis__".Inthese cases, the models
tend to produce much more positive (albeit
sometimes still stereotypical) adjectives: ‘bril-
liant’, ‘artistic’ and ‘passionate’, for instance
(Fig.1).

Second, the authors ask how the unjust
behaviour of language technologies might
translate to material impacts. What happens
when technologies are used in decision-
makingto allocate opportunities or resources,
oreven punishments? Hofmann et al. investi-
gate whether these covert stereotypes might
translate into decisions regarding employ-
ability and criminality, and show that LLMs
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Figure 1| Racial stereotypes exhibited by large language models (LLMs). Hofmann et al.’ examined how
racism manifests in LLMs. a, When a text prompt asks explicitly about Black people, LLMs tend to produce
only positive descriptions, indicating that they show very little overt racism. b, However, when the prompt
contains text written in an English dialect called African American English, the adjectives produced by the
model are overwhelmingly negative compared with those produced when the prompt contains text written
in Standardized American English. African American English is spoken mainly in the United States and is
associated with the descendants of enslaved African Americans. Covert stereotypes and dialect prejudicesin
language technologies could harm speakers of this dialect as the applications of such technologies broaden.

penalize AAE speakers considerably in these
two settings. Models associate AAE text most
strongly with lower-prestige professions
that do not require a degree, such as ‘cook’
and ‘soldier’, and least strongly with higher-
prestige professions, such as ‘psychologist’
and ‘professor’. They are also more likely to
convictahypothetical defendant —and assign
capital punishment to them —when given AAE
text than when given SAE.

Concerningly, the authors suggest that
current methods for mitigating suchinjustices
arenotup tothetask. They find that,as models
get bigger, they express fewer overt negative
stereotypes about African Americans, but
their tendency to associate negative traits
with AAE covertly is unaffected. The authors
find that the same is true as human feedback
training is applied (which has been touted as
away of integrating human values and prefer-
ences into model development).

Hofmannand colleagues’ results cast doubt
on the effectiveness of methods that aim to
address unjust treatment of minoritized
dialects and social groups: LLMs that do not
express overtly negative stereotypes about
African Americans can still stigmatize AAE.
This shows that there is considerable work to
be done towards ensuring that technologies
do not reproduce these and other injustices.
And it underscores the extent to which deep
engagementwith the sociohistorical contexts,
literatures, cultures and knowledge held by
communities and speakers of dialects will be
important for this work.

The results also open up a number of
questions for researchers. First, AAE is not a
single dialect but exhibits considerable vari-
ationacrossregions and age groups. Do LLMs

exhibit the same stereotypes and differential
treatment of these different varieties of AAE?

Second, how domodelsacquire these covert
stereotypes in the first place? Historically,
AAE is mainly spoken rather than written, and
therefore model-training data have conven-
tionally contained very little of it — although
this is changing with the increasing numbers
of webtexts (social media posts, for example)
inwhich people are able to write in ways that
reflect how they speak. But where in text do
these negative stereotypes about AAE come
from? The authors speculate that parodies of
AAE might appear in training data, but more
researchis needed to understand what stereo-

“How might researchers
involve speakersand
communitiesindeveloping
more equitable models?”

types about AAE in data might look like, how
models acquire them and how they might be
addressed.

Third, although it seems that current
human-feedback training methods are not
effective against covert stereotypes, other
feedback methods or ways of involving people
might be more fruitful. How might researchers
and developers better involve speakers and
communities in developing more equitable
models?

Finally, thiswork builds on previous studies
in recognizing that language technologies
might not only represent minoritized social
groups unjustly, but might also unjustly
allocate resources or opportunities. The

employability and criminality settings exam-
ined by this study are both settings in which
AAE speakers experience significant discrim-
ination, but it is not yet clear how language
technologies will be used there. For example,
it seems unlikely in the near term that mod-
els will be used in the courtroom to directly
replacejudges andjuriesin convicting defend-
ants and assigning sentences on the strength
ofashortpiece of text from the defendant. But
Hofmann and colleagues’ analysis doesinvite
researchers, regulatory bodies and the public
to collectively anticipate how LLMs might real-
istically be deployed. For example, might they
beused to transcribe, summarize or assess the
veracity of adefendant’s testimony? And, with
an understanding of the history of discrimi-
nation experienced by AAE speakers and the
covertstereotypes exposed by this study, what
injustices might the use of LLMs reproduce?
The study’s results underscore the urgency
ofasking how language technologies are likely
to be used, what material impacts and injus-
tices they might produce, and whether and
how the public might wish to refuse them.
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