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Abstract

Developing equitable and inclusive speech technologies requires
datasets that represent the full spectrum of human voices, in-
cluding those of LGBTQIA+ speakers. However, capturing
spontaneous, high-quality audio from marginalized gender and
sexual identities presents significant ethical, logistical, and rep-
resentational challenges. This paper introduces Queer Waves,
a German speech corpus compiled from podcast and YouTube
content featuring self-identified LGBTQIA+ speakers, with a
particular focus on diverse gender identities and sexual orienta-
tions. We further address the legal and ethical considerations
inherent in collecting sensitive personal data. The Queer Waves
corpus comprises approximately 335 hours of speech from over
400 self-identified LGBTQIA+ speakers, spanning ages from 18
to 86 years. By expanding representation across a wide range of
gender identities and orientations, Queer Waves aims to advance
the development of fairer and more accurate speech technologies.
Index Terms: LGBTQIA+ Representation, Inclusive Datasets,
Spontaneous Speech, Podcast Speech Data

1. Introdution

The rapid development of Al technologies has brought increased
attention to the principles of fairness and inclusivity, sparking
more intensive discussions about these aspects. As a result, the
creation of datasets that address specific inclusivity factors has
gained greater significance [1].

Despite growing recognition in the speech research com-
munity regarding the necessity of diverse datasets — covering
factors like age, language, ethnicity, geographic variation, and
recording conditions [2, 3, 4, 5] — one essential aspect remains
notably underrepresented: gender identities (e.g., transgender,
nonbinary) and sexual orientations (e.g., gay, lesbian, bisexual).
Speech models are often built upon datasets that predominantly
reflect binary gender perspectives.

Such lack of representation not only hampers the develop-
ment of fair Al applications [6] but also significantly constrains
(linguistic and phonetic) research [7, 8]. Diverse gender identi-
ties and sexual orientations contribute to the richness of human
speech, offering insights into sociophonetic variation, language
change, and identity expression. Excluding these voices restricts
our understanding of how speech features, i.e., pitch, formant
patterns, interact with social identity — insights crucial to both
automatic speech processing and theoretical linguistics.

The consequences of these biases are particularly evident in
applications like voice authentication [9] and anonymization sys-
tems [5], where entrenched gender assumptions can result in ex-
clusion, misclassification, and privacy breaches. For LGBTQIA+
individuals, such outcomes can cause distress or even pose seri-
ous risks, especially in regions where gender and sexual identity
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are stigmatized or criminalized. Additionally, phoneticians and
sociolinguists face challenges in drawing accurate conclusions
about gendered speech variations when relying on datasets that
overlook non-cisgender voices.

The need for an open, extensive, and high-quality database
of LGBTQIA+ speakers is evident. Such a resource, recorded
under optimal acoustic conditions (minimizing background noise
and ensuring consistent sound quality) would not only advance
inclusive Al applications but also provide a solid foundation
for linguistic and sociophonetic investigations. High-quality
recordings are essential for identifying authentic speech features
rather than artifacts caused by technical deficiencies.

The goal of this paper is to introduce a new dataset: a Ger-
man speech corpus compiled from podcast and YouTube con-
tent featuring self-identified LGBTQIA+ speakers. This dataset
specifically targets spontaneous speech recorded under high-
quality conditions to ensure reliable phonetic analyses and sup-
port the development of more inclusive speech technologies. By
broadening the spectrum of queer voices included in both Al and
linguistic studies, this work aims to promote a more accurate
and inclusive understanding of human speech diversity.

2. Terminology

The term LGBTQIA+ stands for Lesbian, Gay, Bisexual, Trans-
gender, Queer/Questioning, Intersex, Asexual, with “+” acknowl-
edging additional identities (e.g., pansexual) [10]. Cisgender (or
“cis”) describes individuals whose gender identity aligns with the
sex they were assigned at birth, while transgender (or “trans”)
serves as an umbrella term for those whose gender identity di-
verges from that assignment (including female-to-male (ftm),
i.e. trans men, male-to-female (mtf), i.e. trans women, and non-
binary (NB) individuals). Detransition refers to the process by
which an individual reverts to a gender identity that aligns with
their sex assigned at birth after having previously transitioned.
This process can be social, legal, or medical and is influenced by
a variety of personal, social, and contextual factors. Nonbinary
refers to gender identities that do not conform strictly to the
traditional male/female binary, and the term queer is adopted
here as an inclusive label encompassing diverse gender and sex-
ual identities beyond heterosexual and binary expectations. The
term has a dual meaning here: it serves both as an umbrella term
for diverse identities and as a way individuals self-identify to
describe their sexual orientation.

We acknowledge that categorizations in this context can be
sensitive, with fluid boundaries and individual nuances; however,
for the purpose of academic clarity and systematic analysis, some
degree of classification remains essential to enable structured
discussion and comparison.
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3. Literature Review
3.1. Phonetics of sexual orientation and gender identity

Apart from general differences related to sexual dimorphism
in humans [11], there have been long noted sociophonetic fac-
tors that influence speech and voice features in natural language.
For example, male speakers who self-identify as less masculine
would tend to exhibit larger vowel spaces and higher average
fundamental frequency [12]. In this way a potential relation of
gender identity and speakers may actively use different articula-
tory strategies to index their gender identity or sexual orientation
by means of articulatory or phonatory strategies, i.e. in voice
pitch and other voice quality measures (including HNR, jitter,
shimmer, spectral tilt) [13, 14] or more subtle segmental differ-
ences, as for sibilants like the /s/-sound [15, 16]. This has been
corroborated by a bulk of research for gay speech [11]. Nonbi-
nary persons on the other hand may not want to be categorized
and attributed. Moreover, these cues can be perceived and are
picked up by listeners and therefore relevant for communication
in a particular community [17]. In other social contexts, speaker
might not express these cues to hide their sexual/gender identity.

3.2. Known datasets

In standard speech datasets, gender identity has only been
recorded for a few years, and even then, it is typically limited
to the category “diverse” without further differentiation. To the
best of our knowledge, sexual orientation is not recorded at all.
As a result, the well-known larger datasets often do not include
diverse speakers, as shown in Table 1. A similar situation can be
observed in German datasets, where gender identity is equally
underrepresented.

Corpus Language Gender (M/F)
CALLHOME Multi 50% / 50%
CALLFRIEND Multi 55% 1 45%
TED-LIUM V3 EN 60% / 40%
Tuda-DE[18] DE 72% / 28%
Kiel[19] DE 55% 1 45%

Table 1: Overview of major speech corpora and their gender dis-
tribution — none of them include a category for diverse speakers.

Recent volunteer-based datasets increasingly adopt inclusive
practices, reflecting growing awareness of diversity in speech
data, particularly regarding gender identity and, in some cases,
sexual orientation.

Mozilla Common Voice has expanded its gender options be-

yond the binary categories, allowing participants to self-identify,
including “other” . However, representation remains limited:
among 94,911 English contributors, only 3 identify as trans and
8 as non-binary. For German (19,348 contributors), only 1 trans
and 2 non-binary participants are included.
The German Plapper Corpus also embraces inclusivity by col-
lecting information on gender identity (diverse, female, male, or
no answer) and sexual orientation using the Kinsey scale [12].
Despite this approach, only 8 diverse speakers are included out
of 1,522 participants, contributing only a few sentences. Data on
sexual orientation has not been published.

So far, we have found only a few datasets that address this
gap. The Gender Spectrum Speech Corpus [20] includes record-
ings in English and French, consisting of read speech and in-

Thttps://foundation.mozilla.org/en/blog/expanding-gender-options-
on-common-voice/
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terviews. The first version featured 30 English and 35 French
speakers, including 8 non-binary participants, 17 cisgender par-
ticipants, 3 trans men, and 1 trans woman. Additionally, this
dataset collected information about participants’ experiences
with testosterone therapy and vocal training, providing valu-
able context for understanding gender-related speech variation.
However, the dataset is not publicly available, and only sparse
documentation exists.

The Mid-Atlantic Gender Expansive Speech (MAGES) Cor-
pus (a subset of [21]) Corpus includes 14 transgender and non-
binary English-speaking participants. While both datasets were
created with participant consent and provide valuable insights
into gender-diverse speech, their small sample sizes and limited
accessibility hinder comprehensive phonetic and linguistic anal-
yses. In particular, the scarcity of data makes it difficult to study
sociophonetic markers like vowel shifts or intonation patterns
that distinguish queer speech varieties.

4. Dataset Collection

We have adapted and refined the methods to collect data cap-
turing gender and sexual diversity from a previous proof of
concept [22].

4.1. Selection of suitable podcasts

Podcast data as a source for scientific corpora is well-established,

e.g., the MPS-Podcast Corpus [23] or 100,000 Podcasts [24].

In general, Kulkov et al. [25] provide a solid methodological

framework, particularly for selecting suitable podcast sources.

For our purposes, the crucial aspects in selecting podcasts are:

« the diversity of guests (with a specific focus on guests from
the LGBTQIA+ spectrum),

* technical production quality, and

¢ the German language.

Based on a search across various podcast platforms, we
selected the following 12 podcasts. These podcasts follow a
common format: one or two hosts invite one or more guests per
episode to discuss current topics. Additionally, we included
25 YouTube videos and channels, selected based on the search
terms “transmann,” “transfrau,” “detrans,” and “nicht/non-binir.”
This inclusion aimed specifically to increase the representation
of trans and non-binary individuals within the dataset. Moreover,
we aimed to ensure broader diversity among podcast participants,
including representation from rural regions, people of color
(PoC), and individuals with a migration background, which
emerged as a valuable secondary outcome:

95 93

* Auf eine Tiite: Der Potcast mit Hengameh
¢ BBQ — Der Black Brown Queere Podcast
Bootycall

Bottinger Wohnung 17

¢ Out and About

¢ Queer as Berlin

¢ Queerkram

* Reden ist Gold

» Somewhere Over The Hay Bale

¢ SPUTNIK Pride

¢ Willkommen im Club

¢ Hotel Matze

4.2. Legal aspects

The collection of a podcast data corpus involves legal considera-
tions related to data protection and copyright. Under the GDPR,



Article 9(2)(e) [26] permits the processing of special categories
of personal data if the data subject has made the information
publicly available. Additionally, processing is justified by the
public interest, as research on marginalized genders’ language
data contributes to fairer and more inclusive Al technologies.
This supports the identification and mitigation of potential dis-
crimination, fostering societal trust in Al systems.

From a copyright perspective, §60d of the German Copy-
right Act (UrhG) [27] allows systematic reproduction of publicly
accessible works for scientific text and data mining, provided ac-
cess is restricted to a defined research group. Public distribution
requires rights holders’ consent. Long-term storage is permitted
if necessary for future research or verification.

Based on these considerations, the presented dataset can be
collected and made available for scientific purposes in compli-
ance with legal requirements [28].

4.3. Data collection

The podcast episode descriptions were automatically down-
loaded using the podcasts’ RSS feed link , resulting in 995
episodes. Subsequently, all episodes were excluded based on
their descriptions if they did not feature any guests or were
recorded in a live atmosphere (150 episodes). The remaining
episodes were then analyzed in detail (using JSON descriptions,
transcripts, and provided links) to extract as much information
as possible about the guests (e.g., age, sexual orientation, gender
identity, and regional background as a proxy for dialectal vari-
ation). At this stage, additional episodes that were not flagged
during the initial screening were removed, but to a much lesser
extent (40 episodes). Simultaneously, the different speakers per
episode were identified. Including the hosts, this resulted in 647
unique speakers and 25 speakers from the YouTube data.

Afterwards, for the final episodes, speaker diarization was
performed using WhisperX [29], ensuring precise segmenta-
tion of individual speakers. To identify the podcast hosts across
episodes, we applied Picovoice Eagle for automatic speaker iden-
tification [30]. For further refinement, we utilized YAMNet [31],
a pretrained deep neural network capable of predicting 521 au-
dio event classes based on the AudioSet-YouTube corpus [32],
to distinguish speech transitions and detect introductory music.
The classification scores from YAMNet were reviewed to assess
the accuracy of event detection.
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Figure 1: Distribution of music and speech scores for podcast
segments.

To further illustrate the challenges with background music
overlays, Figure 1 shows the distribution of classification scores
from YAMNet for music detection. The plot demonstrates that
segments with background music still exhibit relatively high
speech scores, indicating that a high threshold is necessary to
filter out non-speech content. In contrast, the music scores are
unreliable for distinguishing speech from background music. As
a final threshold, we set 0.9, resulting in the deletion of 29,704
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files, all of which contained music, as confirmed by a random
sample check.

5. Dataset Overview

The dataset exclusively includes individuals who identify as part
of the LGBTQIA+ community. Individuals clearly identified
as cisgender and heterosexual, as well as those for whom no
reliable information regarding gender identity or sexual orien-
tation was available, were excluded from the final dataset. This
selection process was conducted carefully to respect privacy
and maintain the integrity of the research. As a result, the final
dataset comprises 407 unique speakers, encompassing a total
of 335 hours of audio recordings. In addition to the hosts, who
appear in every episode of their respective podcasts’, several
guests are featured multiple times, sometimes across different
podcasts. Specifically, two guests appear five times, one guest
four times, twelve guests three times, and forty guests twice.

5.1. Gender identification and sexual orientation

2.5%

1.2%
17.0% ,

18.9%

identities:
, Non-binary+,

(a) Gender (b) Sexual Orientation: Gay,
, Bi/lnter, Asexual, Queer,

, Male, N

Figure 2: Pie charts of speaker distribution regarding gender
identity and sexual orientation. For the trans category, trans(ftm)
and Trans(mtf) are highlighted, as far as is known.

When it comes to gender identity, the dataset covers indi-
viduals identifying as male, female, trans/detrans, i.e., trans
or detransitioned (including trans male-to-female (mtf), trans
female-to-male (ftm), trans, and detransitioned (detrans)), and
non-binary+ (encompassing nonbinary, genderfluid, genderfree,
gender nonconformity), covering a range of gender expressions,
see Figure 2a. Concerning sexual orientation, the dataset in-
cludes speakers who identify as gay, lesbian, bi/inter, i.e. bisex-
ual or intersexual, asexual, queer, pan/poly+, i.e., pansexual or
polyamorous. Those for whom no information is available are
denoted as na. The distribution regarding sexual orientation is
depicted in Figure 2b.

5.2. Age distribution

We were able to determine the birth year for 315 speakers. The
results indicate that the overall dataset is diverse in terms of age
distribution, with ages ranging from 18 to 86 years. Among the
gender identity groups (Figure 3a), female speakers (f) had a
mean age of 37.99 years, ranging from 18 to 72 years, while
male speakers (m) had a mean age of 39.39 years, with ages
spanning from 20 to 86 years. Nonbinary and gender-expansive

2There are two podcasts where hosts change intermittently
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Figure 3: Age Distribution for included LGBTQIA+ speakers.
Note: not for all speakers age information was given.

individuals (nonbinary+) had a mean age of 38.11 years, ranging
from 25 to 55 years. Participants identifying as transgender
(FTM or MTF) had a mean age of 38.27 years, with ages ranging
from 26 to 70 years. Specifically, the trans (FTM) group had a
mean age of 36.43 years (ranging from 30 to 43 years), while
the trans (MTF) group had a mean age of 39.56 years (ranging
from 26 to 70 years). For the two detrans participants, no age
information was available.

Regarding sexual orientation (Figure 3b), bisexual or inter-
sex (bi/inter) participants had a mean age of 31.37 years, ranging
from 18 to 58 years. Gay participants had a mean age of 40.19
years, spanning from 21 to 86 years, while lesbian participants
had a mean age of 40.02 years, with ages between 23 and 72
years. Participants who did not disclose their orientation (na)
had a mean age of 36.84 years, ranging from 25 to 70 years.
Those identifying as pansexual or polyamorous (pan/poly+) had
a mean age of 36.00 years, with ages between 29 and 45 years.
Lastly, queer participants had a mean age of 32.21 years, ranging
from 24 to 56 years. Details regarding these broader clusters for
gender identity or sexual orientation are given in Figure 3.

5.3. Speaker duration overview

The majority of speakers have between 15 and 45 minutes of
recorded material, with a minimum recording duration of 5 min-
utes, ensuring that even shorter contributions are linguistically
valuable, see Figure 4. This distribution indicates that most par-
ticipants are guests or short-term contributors. Only 19 speakers
exceed 2 hours, representing the podcast hosts, with two pod-
casts featuring rotating or dual hosts. This distribution highlights
a clear distinction between hosts and guests in terms of speaking
time. The minimum recording length of 5 minutes, combined
with the diversity of speaker durations, ensures that there is suf-
ficient speech material for all categories of gender identity and
sexual orientation, enabling meaningful comparative analyses.
The hosts’ longer recordings make them particularly valuable for
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longitudinal analysis, such as tracking speaking patterns or vo-
cal changes over time, while the guest’s recordings contribute a
diverse range of voices, accents, and speaking styles, supporting
comparative studies and facilitating speaker variability analyses
across different identity categories.

<15 min 4
15-30 min
30-45 min |
45-60 min
60-75 min ]
75-90 min 4]

90-105 min
105-120 min 4

>120 min -:l
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o

Figure 4: Distribution of Speaker Durations.

6. Data availability statement

The statistical summaries and dataset overviews will be made
publicly available on GitHub, see https://ingosiegert.
github.io/QueerWavesWebsite/. Speaker metadata
and download-skripts and timing information will be shared
only upon request and solely for research purposes.

7. Conclusion

In conclusion, this paper presents Queer Waves, a German
speech corpus aimed at fostering more inclusive and equitable
speech technologies by amplifying the voices of LGBTQIA+
speakers. With approximately 335 hours of audio from over 400
self-identified LGBTQIA+ speakers, Queer Waves addresses the
underrepresentation of LGBTQIA+ speakers in existing datasets.
A key reason for overrepresenting LGBTQIA+ speakers in
this corpus lies in addressing structural biases in public datasets.
As shown for popular speech datasets, LGBTQIA+ speakers
are often underrepresented, leading to visibility gaps and in-
creased risks of misclassification or discriminatory outcomes
in speech technologies [33]. By deliberately enriching datasets
with LGBTQIA+ voices, Queer Waves provides a valuable re-
source for augmenting existing models, reducing visibility bias,
and ensuring fairer, more robust speech recognition systems.
Moreover, this targeted collection closes an essential re-
search gap, as self-disclosure of identity is seldom captured in
large-scale datasets. The result is a dataset that not only supports
the development of fairer models but also offers significant value
for scientific inquiry into underrepresented voices. Queer Waves
thus stands as both a corrective and a complement to existing
datasets, contributing to greater fairness, visibility, and protec-
tion against discrimination in automated speech technologies.
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