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Abstract

Text-to-speech (TTS) technology allows the synthesis of speech that
is frequently described as highly ‘natural’ and, in some contexts,
indistinguishable from human speech. Voice interfaces using such
synthesised speech are increasingly encountered in a wide range of
contexts. Recognising that listeners are likely to hear human-like
voices as belonging to different demographic/social groups, and
that these social judgments exist within ideological frameworks,
we note a lack of diversity in popularly used English-speaking TTS
voices, and caution that decisions taken in the design and deploy-
ment of voice interfaces risk perpetuating, or even exacerbating,
existing social biases. Drawing upon sociolinguistic theory, we
carry out a novel experiment to investigate these issues in a leading
commercial TTS system, concluding that the system’s output dis-
proportionately reproduces white, male, US-accented speech when
prompted to convey competence. This work aims to encourage
further research applying sociolinguistic knowledge to the study
of human-computer interaction with speech technology.
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1 Introduction

Contemporary applications of speech technology go well beyond
its traditional use cases in accessibility: very human-like text-to-
speech (TTS) voices are increasingly encountered in contexts such
as customer service, education and training, social media and en-
tertainment [13]. Several state-of-the-art models now offer users
the ability to ‘design’ a custom synthesised voice using natural lan-
guage prompting. Like other machine learning (ML) applications,
including large language models and image generation models,
these technologies are liable to reproduce and perpetuate existing
social biases and stereotypes. Stereotypes disseminated via media
are linked to real-life negative effects on members of stereotyped
groups [2], and given that speech technology plays a growing role
in today’s social and mainstream media, we are motivated to inter-
rogate the ideologies that it may be reinforcing.

Our project applies the sociolinguistic concepts of indexicality
and markedness to the study of commercial TTS voices. We recog-
nise that human-like synthesised voices reproduce cues that lead
listeners to assign a social identity to the ‘speaker’ [56], that these
imagined speakers can be perceived as belonging to different demo-
graphic/social groups [42], and that these social judgments exist
within ideological frameworks [21]. Following [3], we therefore ask:
which linguistic norms are upheld in synthetic voice development?
Whose voices are unheard in speech technology, and whose are
assumed to be ‘standard’, acceptable and appropriate? This work
introduces a paradigm, informed by sociolinguistic theory, for inves-
tigating biases in the development and description of synthesised
voices.

2 Background

Human-like TTS voices are often chosen for user interfaces due
to designers’ beliefs — or assumptions — that this reflects users’
preferences [30]. While there is evidence to suggest that human-
like synthesised voices are evaluated as more pleasant, credible, and
likeable than robotic voices, approval generally does not reach the
level of ratings given to actual human voices [10, 30, 54]. Research
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in this field also tends to gloss over important questions: which
humans’ voices do we replicate? And which humans decide what
sounds ‘pleasant’, ‘credible’, and so on? These questions concern
us because human speech is characterised by variation, and much
of the variation that we hear and discriminate is indexically linked
to personal features of the speaker [12].

2.1 Markedness and discrimination

Listeners can quickly identify an unseen, unfamiliar speaker’s gen-
der, age and race with reasonable accuracy, and in many cases,
a speaker’s accent reveals their first language and/or where they
grew up [7, 32, 49, 57, 58]. This ability to infer characteristics from
speech perception extends to synthesised as well as human speech
[21, 25, 34, 54]. In line with the principle that computers are social
actors [44], existing language attitudes and social biases also ap-
pear to be reproduced, even when listeners know that they are not
hearing human speakers; these include accent bias [25], misogyny
[24], and racialisation [21].

2.2 Competent or warm?

Research in sociology shows that stereotypical beliefs about social
groups can be classified in a two-dimensional space trading off the
qualities of (perceived) competence and warmth [16, 18], identify-
ing cross-cultural patterns of ascribing higher status and agency
to some groups (e.g. men, rich people), and social desirability or
cooperativeness to subordinated others (e.g. women, poor people).
Bias and prejudice based on such stereotypes can result in unfair
expectations and treatment of individuals at school, work, and be-
yond, contributing to social problems like the gender pay gap [41].
[5] outlines how omitting groups of people from public-facing rep-
resentation, e.g. in mass media, can negatively affect those groups
by rendering them unimportant or unacceptable. [9] explains how
language attitudes can impact outcomes in education and employ-
ment, health care, and legal processes. Further, we acknowledge
that an unwillingness to focus on race in human-computer interac-
tion (HCI) communities can mask and reinforce racial disparities
[46]. One insidious way that racist and classist discrimination often
manifests is through accent bias [35, 39]: ‘marked’ talkers may be
subjectively judged as less intelligible or less competent, even when
there is no objective evidence to support this.

2.3 Speech technology in social context

The last few years have provided compelling evidence that new
language technologies can influence human speech production,
both in experimental settings and ‘in the wild’ [47, 59]. This strand
of research leads us to the related question: might they influence
the way we hear and construct social meanings based on human
voices?

Despite many efforts, there is no agreed-upon, universal cor-
relation between specific voice qualities and the social meanings
they convey [28]; such meanings seem to depend on cultural norms
and/or factors about the listeners. Indexicality [9] - the process link-
ing individuals’ language use to their social identity - is typically a
two-way process involving input from both speakers and listeners.
Speakers use a particular variation that may convey their identi-
fication with a group; listeners notice the variation and use that
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information to place the speaker within their own social world. In
the case of TTS, there is no human speaker to whom we can ascribe
the expression of identity, but listeners still (consciously or other-
wise) perceive speech features and their associated social meanings.
In the framework of the commercial voice library, a human-like
TTS voice with certain characteristics may be assigned text labels
such as professional or suitable for customer service; these labels are
applied as though they are objective; and, circularly, prompting
this system to generate a ‘professional’ voice will be likely to re-
sult in a similar output. Our position is that there is no acoustic
feature which inherently makes a voice professional. Natural lan-
guage prompting in human-like TTS generation, though, associates
acoustic features with personality descriptors (for example, in our
dataset, a very high F0 appears to be linked with kindness), with
the potential to reinforce stereotyped ideologies. Therefore, we ex-
plore cues to demographic group identity that listeners may hear in
natural language prompted TTS voices where no such information
was specified in the prompt.

3 Related work

First steps have recently been taken in research to quantify bias
in promptable TTS models [29, 43]. However, existing work often
lacks sociolinguistic context and is limited by considering only
one possible source of bias: gender, oversimplified to a binary cate-
gory and classified using so-called ‘automated gender recognition’
models. This approach is out of step with the prevailing view in
social science that gender (like other attributes) is socially con-
structed, and the understanding that speaker identity is not static
[45, 53]. Researchers also propose superficial ‘debiasing’ strategies
that would mask, not remove, systemic bias [19]. Contributing a
new perspective to the topic, we approach social identity as inter-
sectional and multidimensional, and contend that it is important
to consider other salient factors, such as race/ethnicity, language
background, and age, along with gender. This is especially crucial
if we are to avoid normalising whiteness as default, a documented
problem in human-computer interaction [6, 46].

Several scholars have examined social perceptions of TTS in
other contexts. Nicole Holliday’s pioneering work on listeners’
judgments of US English Siri voices [21] highlights the influence of
existing cultural stereotypes, such as the disenfranchised but enter-
taining young Black man. Another notable ‘Black’ TTS voice, the
Spotify DJ, is discussed in [51], where ‘his noticeable urban accent’
is said to lend ‘a “cool” vibe’; this perception may reflect a similar
social bias about Black talkers. Using qualitative interview data,
[50] report that out-group (non-Black) listeners failed to identify
an African American English TTS voice as Black because it did not
conform to their stereotyped expectations. Investigating accent in
commercial English-speaking TTS systems, [42] find that American
and British English accents are overrepresented, even when inputs
specify African, Indian, and Australian accents, resulting in users
feeling frustrated, annoyed, and excluded. The reproduction of
‘standard’ language ideologies through another speech technology,
automatic speech recognition (ASR), is interrogated in [27, 37]. [56]
call for examination of the socioindexical influence of synthesised
speech in interaction, noting the media’s role in reifying language
ideologies; and [60] identify the need to explore bias and inequality
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in speech technology through the lens of challenging linguistic and
social power. With that aim, we introduce an experiment to inter-
rogate which (types of) voices are reproduced when we prompt a
commercial TTS system with no specific demographic information,
and consider the potential repercussions of overuse of so-called
standard varieties and exclusion of atypical speakers.

4 Experiment

Our experiment takes inspiration from [21] on perceptions of US
English Siri voices, and from matched-guise testing, a well-established
experimental method used in sociolinguistics to explore listeners’
attitudes to speakers of marked language varieties [31].

Audio samples used in this study were created using the model
ElevenLabs TTS v2, offered by a popular commercial TTS platform
with over 5 million registered users as of 2025 [11]. We chose to
study voices produced by a large speech model (LSM) as opposed
to voice assistants (VA) as in [21], because these are especially
interesting in social contexts: commercial TTS is increasingly used
in interactions that would previously have been human-human,
such as customer service, and becoming ‘the voice of” public-facing
entities like websites and museums. This contrasts with typical
VA interactions, like setting timers and controlling appliances [36],
which would otherwise be carried out using a visual interface. We
chose Elevenlabs over other TTS models because of its popularity
and availability: our experiment is easily replicable without specific
training requirements. Additionally, marketing for this particular
system highlights its supposed controllability and customisability;
ElevenLabs’ website [14] advertises its ‘[i]nfinite selection of Al
voices’ and proposes that users can create the ideal ‘speaker’ to suit
their needs.

Using ElevenLabs’ “Voice Design’ tool, we generated and recorded
30 synthesised voices. Our base prompt is ‘a voice that sounds [ad-
jective]’, with a set of ten adjectives selected from existing language
attitudes literature [8, 15, 20, 40, 55]. Half of the adjectives in the
set are associated with ‘status’ (competent, confident, educated, in-
telligent, professional) and half are associated with ‘solidarity’, or
social desirability (considerate, friendly, kind, polite, warm). Three
different voices were generated for each adjective by re-running
each prompt three times, with the spoken text each time a socially
and emotionally neutral scientific fact [33]. We then edited the re-
sulting 30 recordings to 2-3 words, around 1 second, each, allowing
us to minimise any content effects and collect a large number of
judgments while avoiding participant fatigue.

Sixty listeners were recruited via Prolific, meeting the following
inclusion criteria: L1 English speakers who grew up in and were
living in the US or Canada, had no hearing impairment, and had
successfully completed >10 previous experiments on Prolific with
>90% approval. Each participant listened to a subset (10) of the
voices, balanced for adjective used, and for each they were asked
to describe the speaker’s: age (bands, categorical), gender (multiple
choice), racial identity (multiple choice), accent (free text). Partic-
ipants also provided demographic information about themselves,
and they could optionally write in further comments about each
voice and the study overall. The participants included 26 men, 34
women, 0 other genders. Their age groups ranged from 18 to 65+,
and their racial identity was recorded as white (43), Black (9), Asian
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(4), Latino/-a/-x (3), and mixed (1). The median time taken to com-
plete the experiment was 12 minutes, and the participants were paid
4 GBP, in line with Living Wage where the study was conducted.

In support of our methodology, we note that although listeners
were always given the opportunity to select an ‘other’ option and
input free text (‘Let me type...), for example when they felt they
could not confidently answer the question, this was very rarely used
(n =9 of 600 observations, or 1.5%). We focus on how the voices are
perceived by humans because perception is key in social interaction.
Listeners’ own identities may influence their perceptions, although
we note that Holliday found no significant effects of listeners’ demo-
graphic characteristics in [21]; we leave further investigation of this
for future work. To identify salient characteristics in the perception
of identity from speech, we had first conducted a norming study in
which 15 participants listened to a subset (10) of the recordings and
described, in free text, how they imagined speakers. 119 of these
150 responses mentioned sex or gender, including using gendered
pronouns. 88 responses mentioned accent or place of origin; 82
age; 38 other visual features (height, hair, clothing), and 33 race or
ethnicity. Hesitancy to discuss race is expected and does not negate
our motivation outlined in S3 for including it.

5 Results

Fig. 1 shows a summary of the results grouped by adjective set. The
majority of the voices (86.6%) were overwhelmingly judged to be
men’s voices. In the ‘status’ subgroup, all 15 voices (100%) were
predominately classified as men’s voices, while in the ‘solidarity’
subgroup, 11 of 15 (73%) were perceived as men’s. The ‘status’
voices were more likely to be perceived as men than the ‘solidarity’
voices, and a generalized linear mixed effects model showed that
this difference was significant (p>0.001). For race, the voices in
both groups are strongly skewed toward being perceived as white:
28 of the 30 voices were classified as white by > 50%, and all by >
40%, of listeners. We see slightly more observations of other racial
identities in the ‘status’ set than the ‘solidarity’ set (p<0.05). The
majority of voices in both sets were perceived as US- or UK-accented.
18 (60%) of the 30 voices are perceived to be US-accented, and 9
(30%) UK-accented. The distribution of these accents across the
two groups showed no significant difference. The most common
age band attributed to ‘status’ voices was 35-44, compared to 25-34
for ‘solidarity’; however, the patterns of responses to this question
were very similar for all but a few voices, and so we do not discuss
this result further here.

6 Discussion

Overall, regardless of which adjectives were used in prompts, the
set of voices produced lacks diversity: whiteness, masculinity, and
US and UK accents are clearly overrepresented. Examining specific
items in our dataset yields some evidence of gender and accent bias,
as discussed below.

6.1 Gender

Voices perceived as male are clearly overrepresented in the dataset,
with 26 of 30 voices perceived as men’s. The remaining four are all
three ‘kind’ voices and one ‘friendly’; that is, the prompt ‘a voice
that sounds kind’ consistently produced voices that were perceived
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Figure 1: Counts of responses to ‘How would you describe the
speaker’s..! (top-bottom:) gender; racial identity; accent. Re-
sponses are grouped by the set of adjectives used in prompts
to generate the voices: ‘status’ (competent, confident, edu-
cated, intelligent, professional) and ‘solidarity’ (considerate,
friendly, kind, polite, warm). Each set contains ten adjectives
which were each used three times, for a total of 30 voices; each
listener heard ten of the voices. Note that some responses
have been recoded for easier visualisation: ‘AAPI’ combines
two racial identity categories, ‘Asian’ and ‘Native Hawaiian
or other Pacific Islander’; accent data were recoded from free
text inputs into broad categories.

to be women’s voices. This finding indicates that there may be a
systematic association between women and these socially desirable
qualities in the model, reflecting an attitude of ‘benevolent sexism’
which is both common and more often seen as acceptable compared
to hostile sexism [52]. In terms of gender, then, the ‘solidarity’ set
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is less homogeneous than the ‘status’ set, but still dominated by
men’s voices, well in excess of the proportion of people who are
men. We note that the voices perceived as women’s voices were
also perceived as white and US- or UK-accented: individual voices
differed from the overall dataset according to gender or regional
accent, but never both.

6.2 Race

Almost all of the voices were predominantly classified as white,
suggesting that whiteness, like maleness, is heavily overrepresented
in our generated dataset. We note that similar results arose in
studies specifically focusing on Black TTS voices [21, 50]; whiteness
may be unmarked and normalised in Al contexts more generally,
at least for these listeners [6]. It should also be noted that our
participants’ own demographics (72% white) do not replicate the
diversity of the population in the USA (62% white) [4] or globally.
Only six of 30 voices were perceived as non-white by more than
five listeners. Of these, five belong to the ‘status’ set and only
one (warm-c) to ‘solidarity’, and all were perceived as men. This
finding calls for further research, but it is possible that a view of
(some) minoritised speakers as ‘intelligent’ and ‘confident’, given
the context of speaking about science, may be reflected in the data.
If whiteness is indeed highly correlated with social desirability in
the model’s output, this is cause for concern.

6.3 Accent

Listeners were asked to describe the speakers’ accents in free text.
We recoded responses into six broad levels: USA (e.g. ‘Boston’,
‘Southern’, ‘Standard American’, ‘US’), UK (e.g. ‘British’, ‘English’),
Asia (e.g. ‘Chinese’, ‘Japanese’), Europe (e.g. ‘German’, ‘European’),
unidentified (e.g. ‘none’, ‘fluent’, ‘outdoorsy’), and Other (e.g.
‘Australian’, ‘Mexican’, ‘Egyptian’, and ‘South African’). Instances
of the ‘Other’ category were few (n = 43, 7% of observations). US
and UK accents are clearly overrepresented in the dataset, together
accounting for almost all of the voices. Those predominantly judged
as UK-accented include all three ‘polite’ voices and all three ‘ed-
ucated’ voices, along with intelligent-a, friendly-a (also described
as Australian or Chinese by some listeners), and competent-c (also
described as Australian or South African); as with gender, this
finding suggests that specific adjectives are associated with British-
ness in this model. Listener agreement is low on the accents of the
remaining three voices.

7 Conclusion

ElevenLabs’ TTS v2 model and ‘Voice Design’ system produced
a set of synthesised voices given prompts that contain no demo-
graphic information, only positive personality traits. Analysing
listeners’ evaluation of these voices, we conclude that the model
is disproportionately likely to reproduce white, male, US- or UK-
accented speech when prompted to convey competence and other
positive traits. Further, the output reveals apparently systematic
associations between certain adjectives and demographic groups:
kind with women; educated and polite with British men.

This skewed representation of (synthetic) speakers and their
traits is not an isolated or neutral quirk. It arises from the collec-
tion, labelling and use of data in the system [38], and it exists in
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the context of an era characterised by increasing dissemination of
dangerous white supremacist, anti-migrant, and misogynist ideas
[26]. If the use of TTS systems like this one continues to increase,
particularly in education and entertainment, it seems inevitable
that the overall set of voices an individual is exposed to will become
homogenised in future. What we call ‘overrepresentation’ here can
be alternatively construed as erasure of all the voices that are not
reproduced (see [17]): considering the space of human(-like) voices,
a subset of unnaturally fluent, Mainstream American-accented,
white, and predominantly male voices are becoming normalised.
In addition to the destructive impact of Al systems on voice acting
and voiceover work [1], this new normal would influence the cog-
nitive development and language attitudes of future generations,
particularly towards already marginalised varieties and disfluent
speakers.

Future work along this line of enquiry could compare the output
of various TTS models (with different training data) given non-
specific prompts, and focus on exploring the reasons behind the
results. The overrepresentation of particular demographics (white,
American, male) seen in this work suggests that 1) these traits are
associated with positive value judgments in the NL promptable
TTS system, and/or 2) they are very overrepresented in the model’s
training data, making most of the output sound like them. These
explanations could be tested with further investigation. It would
also be instructive to conduct more fine-grained analysis of which
varieties within American English are represented, and of prosodic
dimensions like speech rate and pitch range. In this way, we could
examine more specific personas and styles, going beyond broad cat-
egories like ‘a woman’s voice’. Further research could also explore
user experiences and different design routes, focusing on fairness
and empowerment, for this and similar systems.

Bias in machine learning models like this one is not under-
researched. However, work on the topic can be deepened and
strengthened with analyses informed by social awareness of how
biases and stereotypes contribute to material inequities and harms.
Scholars including [3, 22, 23, 48, 56] are leading this move in the
right direction. Along with them, our aim is to build and improve
upon existing work by paying attention to the ‘human’ in human-
computer interaction and considering potential repercussions of
the decisions made in these systems’ design and deployment.
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